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ABSTRACT

RESILIENCE OF TRANSPORTATION NETWORK DURING POST-EARTHQUAKE EMERGENCY

RESPONSE AND RECOVERY STAGES

Earthquakes can cause casualty, injuries, and extensive infrastructure damages and significantly

disrupt transportation networks. Disrupted transportation networks resulting from damaged bridges or

debris may cause delays on emergency response activities and impact traffic efficiency and safety during

the post-earthquake recovery stage. A functioning post-hazard transportation network is the backbone to

support the effective emergency response and maintain efficient post-hazard recovery plans of the whole

community. The main purpose of this dissertation is to model and improve the resilience performance of

transportation networks during both post-earthquake emergency response and recovery stages. It is

expected that the proposed methodologies in this dissertation will help making risk-informed decisions in

terms of pre-hazard mitigation planning, emergency medical service management, and post-ecarthquake

restoration planning to enhance the resilience of transportation networks. A suite of novel methodologies is

proposed to evaluate and enhance the resilience performance of transportation networks subjected to major

carthquakes in this dissertation. Firstly, a resilience modeling framework of traffic networks is developed

to simulate the transportation performance during post-earthquake emergency medical response

considering interactions between infrastructures, people, and hazard. Secondly, a new approach is proposed

to quantify the comprehensive redundancy of transportation networks during post-earthquake emergency

il



medical response considering search-and-rescue efforts and life vitality decay. Thirdly, a methodology is

proposed to evaluate the resilience performance of traffic networks in private-vehicle-based post-

earthquake emergency medical response considering bridge failure, building debris, and emergency traffic

flow. Fourthly, a novel methodology is proposed to assess the post-earthquake resilience of transportation

networks considering link functionality, travel time and traffic safety. Finally, a model to simulate time-

dependent resilience of degraded transportation networks during post-hazard recovery period is developed

to incorporate the time-evolving travel demand of the community.
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CHAPTER 1 INTRODUCTION

1.1 Background

Disastrous natural hazards can cause extensive property damages, casualty, and injuries during very
short time periods (Lu et al., 2019; and Liu et al., 2020). Following an earthquake, for example, some of
the vulnerable buildings are destroyed or damaged and those residents who are severely injured may need
immediate medical assistance and evacuation (Coburn et al. 1992). A functioning post-hazard
transportation network is the backbone to support the effective emergency response, recovery efforts and
resilience of the whole community. Disrupted transportation networks following hazards, such as damaged
bridges or roadways, may reduce the accessibility and cause delay on emergency response efforts. Such
delay can be extremely critical to those who suffer from severe injuries with dire needs of immediate
medical assistance. Thus, more rational post-hazard performance assessment and planning of emergency
medical services (EMS) through a disrupted transportation network become vital.

In the meantime, the blacked-out traffic signals may turn signalized intersections into all-way stops
because of extensive power outages. Even worse, there can be a considerable amount of emergency traffic
generated by dislocated residents and emergency response efforts. Therefore, compared to normal time, a
realistic scenario of typical transportation systems following major earthquakes often exhibits some unique
challenges such as considerable emergency traffic, degraded transportation infrastructures, and extensive
“all-way stop intersections”. All these challenges will cause severe delays in transporting injured people to
hospitals and greatly hinder the emergency response efforts, particularly for those using private vehicles.

Transporting injured residents using private vehicles has been found to be the most used method during
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post-earthquake emergency medical responses (Djalali et al., 2011; Kang et al., 2015; Hwang et al., 2001;
Nia et al., 2008). Unlike emergency medical service (EMS) vehicles with travel privileges, private vehicles
usually do not have the same privilege, limiting themselves to be part of regular post-hazard traffic. For
these private vehicles, to avoid being jammed on few accessible routes following the “first-come, first-
serve” rule at every blacked-out traffic signal, the existence of alternative or redundant routes is essential
for transporting injured people to hospitals in a timely manner. Apparently, to appropriately evaluate and
further improve the redundancy and resilience of the post-earthquake transportation networks by
considering the above-mentioned unique challenges is critical to saving more lives following major
earthquakes.

Moreover, post-earthquake transportation systems often experience various disruptions. Severely
damaged links will totally obstruct the traffic, while mildly damaged links may cause traffic capacity
reduction. In addition to increased trips to hospitals, post-earthquake traffic also exhibits other unique
characteristics: (1) a considerable amount of trips by dislocated people following earthquakes; (2) numerous
uncertainties associated with hazard intensity, bridge damage, and building debris, which can cause
significant computational complexity on related quantifications. To make risk-informed decisions and
planning of EMS efforts, an efficient approach to assess the traffic resilience performance during the post-
disaster emergency response stage is needed to address the unique characteristics of post-earthquake traffic.
To better simulate the traffic during the emergency medical response after earthquakes, it is significant to
assess various disruptions and their impact on the emergency medical response efforts by the disrupted
transportation network, particularly injuries transported by private vehicles.

Disruption of transportation systems will not only affect the emergency and rescue operations
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immediately after hazards, but also impact the transportation experience of the community residents during

the recovery stage. Following an earthquake, for example, some vulnerable transportation infrastructures

such as bridges can be severely damaged, which may lose partial to full functionality. One example was

during the 2008 Wenchuan earthquake when extensive highway and bridge damages were reported in

Sichuan Province, China (Hu et al. 2014). The extensive repairs of disrupted transportation infrastructures

usually take months or even years following earthquakes to finish, making the transportation network in

the region remain partially disrupted over an extended period during the long-term recovery stage

(Blackman et al. 2017; Yi and Fu 2018). A timely recovery of a disrupted transportation network is of

utmost importance because it cannot only help improving the traffic efficiency of the affected community,

but also more importantly, expedite long-term recovery efforts of other critical infrastructures, e.g.,

communication, energy, and water systems, that are heavily dependent on effective transportation.

Moreover, partially disrupted traffic networks over extended durations of repairs will create multiple work

zones with considerably elevated vehicle crash risks, threatening the safety of both general drivers and

those drivers involved in post-hazard recovery efforts (Yang et al. 2015). To strategically plan the long-

term post-hazard recovery of disrupted transportation infrastructures requires rational performance

modeling of disrupted transportation infrastructure networks and consideration of impacts on both traffic

efficiency and safety.

Moreover, ecarthquakes may have significant and long-term impacts on the population and

infrastructure of modern communities, both of which substantially affect the performance of the

transportation networks. Major earthquakes often cause changes in population size and distribution in the

communities, which may affect the travel demand and origin-destination (OD) conditions accordingly. For
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example, after an earthquake, some residents may have to be dislocated to other cities because of the

damaged dwelling units and the lack of necessary living resources (Hazus 2020). These people may move

back to the community along with the recovery of the lodging units, water, power, etc. The change in the

population size can significantly affect the total travel demand of the community (Chang et al. 2012). In

addition to those residents dislocated to other cities, some residents may be displaced to the short-term or

long-term shelters located at different zones in the community and move back to their pre-hazard zones

when their dwelling units are repaired. As a result, the community population is being redistributed

extensively during the post-ecarthquake recovery stage, which may considerably affect the traffic OD

conditions of the community. So, it is significant to incorporate the time-evolving feature of the travel

demand when simulating the resilience performance of transportation networks during the post-earthquake

recovery stage.

Thus, a rational post-hazard resilience performance assessment of disrupted transportation networks

during post-earthquake emergency response and recovery stages is so significant that the stakeholders can

make risk-informed decisions in terms of effective mitigation, emergency management, and reconstruction

measures to protect transportation systems and further improve the resilience of the whole community. In

the following section, a literature review of related topics will be made.

1.2 Literature review

The following literature review will include three parts: (1) resilience modeling of transportation

network during post-earthquake emergency response stage; (2) resilience modeling of transportation

network during post-earthquake recovery stage; and (3) risk-informed decision-making to increase

transportation resilience.



1.2.1 Resilience modeling of transportation network during post-earthquake emergency response stage

1.2.1.1 Characteristics of post-earthquake emergency response stage

Other than the injured residents needing immediate medical assistance and extensively blacked-out

traffic signal lights as introduced in Section 1.1, an urban traffic system exhibits unique characteristics in

both capacity and demand perspectives immediately following major hazards like earthquakes (Liu et al.

2021; Liu et al. 2022; Somy et al. 2021; Zou & Chen 2021). On the one hand, natural hazards often cause

damage and failure to various types of infrastructures, such as bridges, roads, residential buildings, and

hospitals. The damaged bridges as well as building debris will significantly affect not only the road capacity,

but also the traffic efficiency, such as travel time and speed, in a sophisticated way (Hou et al., 2022; Wang

et al. 2022). Traditional traffic simulation tools and data-driven approaches, primarily developed for normal

and intact roads, cannot provide reliable results of post-hazard disrupted traffic networks due to the lack of

appropriate tools and sufficient site-specific data during the emergency response stage. Rationally

predicting the traffic performance of disrupted road networks with reduced capacity has become a

substantial challenge attracting considerable attention and efforts in recent years (Hou et al., 2022). On the

other hand, following hazards like earthquakes, many people may be forced to relocate to other places, e.g.,

friends’ homes and shelters, because of losing inhabitable areas and necessities such as dwelling units,

drinking water, and electricity (Tamima and Chouinard 2016). In addition to the traffic involving these

dislocated people, emergency response traffic, such as those for emergency medical service, firefighters,

and emergency repair and recovery teams, will be on the roads right after the hazards and remain for an

extended time with the progress of the emergency response and recovery efforts. Moreover, employees,

students, shoppers, and people that are traveling for other purposes may return to their homes immediately
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after the earthquake (Kilanitis and Sextos 2019a). As a result, the traffic immediately following a major

hazard often consists of emergency response traffic, and those by dislocated people and people with other

immediate traveling demands, rather than typical commuting traffic in normal situations. Another unique

characteristic in contrast to normal and long-term recovery traffic is that the traffic conditions in the

emergency response stage change faster over time with higher uncertainties.

The injured residents caused by building damage who may need immediate medical assistance are

typically transported to hospitals or emergency medical centers using two modes of transportation: EMS

vehicles and private vehicles. There are two main differences between the two modes in terms of the

transportation performance: EMS vehicles have driving privileges of passing road segments and traffic

signal lights; and private vehicles can transport injured people to hospitals with a one-way trip. Emergency

medical response using EMS vehicles is not affected by blacked-out signal lights, partially damaged road

segments, and the traffic in the network. A well-connected network full of short paths is essential in the

scenario of emergency medical response using EMS vehicles. On the contrary, emergency medical response

based on private vehicles can be significantly affected by all the traffic disruptions: blacked-out traffic

signals may turn signalized intersections into all-way stops; and roads with various disruptions and the

considerable amount of emergency traffic may worsen the situation.

1.2.1.2 Transportation resilience focusing on connectivity

Although commendable progress (e.g., Wen et al. 2022; Wang and Yuen 2022; Yeh et al. 2021) has

been made on studies of other transportation modes (e.g., airline, railway, maritime, etc.), the following

discussions will mainly focus on road transportation. Most existing studies on resilience modeling of

transportation networks focused on the network performance quantification. As an important performance
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index, transportation network reliability defines the probability that a traffic system can meet a specified
level of performance under a certain condition (Wakabayashi and Iida 1992). Most of the existing research
efforts on traffic networks primarily focused on the reliability of intact networks during nonemergency
circumstances by investigating travel time (e.g., Mahmassani et al. 2013; Guo and Williams 2015; Clark
and Walting 2005; Wu and Zhang 2016), connectivity (e.g., Guo and Williams 2015; D’este and Taylor
2003; Husdal 2004, Wakabayashi and Iida 1992; Jenelius et al. 2006; Kondo et al. 2012; Qian et al. 2012;
Viriyasitavat et al. 2011; Beamon & Kotleba 2006; Horner & Widener 2011; Day 2014), traffic capacity
(e.g., Chen et al. 2002), accessibility (e.g., Nicholson 2003; Kondo et al. 2012), and trip cost (e.g., Bell
2000).

There are some existing studies related to emergency response and post-hazard traffic systems, in which
the connectivity level of the system was used as the primary performance indicator evaluated in a similar
way as non-emergency connectivity studies (e.g., Aydin et al., 2018; Guo et al., 2015; Hadjidemetriou et
al. 2021; Scott et al. 2006; Viriyasitava et al. 2011; Du and Nicholson 1997; Zhang et al. 2018; Merschman
et al. 2020; Li and Zhou 2020). Mete and Zabinsky (2010) developed a stochastic optimization model of
medical supply location and distribution and EMS vehicle transportation plan in disastrous conditions.
Dalal and Uster (2017) and Uster and Dalal (2017) presented an emergency network design model that
integrated relief and evacuation considering the uncertainties in disaster location and intensity. Nogal et al.
(2015, 2016, 2017) proposed some frameworks for the resilience assessment of transportation networks
against extreme weather events and perturbations. Cost increment, user stress level, system impedance and
fragility curves of the traffic network were considered in the methodology. They also studied the

uncertainties in the traffic demand, local vulnerability and capacity of user response and developed the early
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warning system, and decision support tools for the quick restoration of networks. Ganin et al. (2017) defined

the transportation network resilience as the change in the average annual delay per peak-period auto

commuter resulting from roadway disruptions and compared the scenarios of different cities. Liao and Hu

(2018) proposed a framework to assess the transportation resilience based on traffic conditions and

emergency management and derived the prioritization in the preparedness and recovery activities under

budget constraints. Edrissi et al. (2015) proposed a disaster-based transportation network model based on

connectivity and travel time and used death toll as the performance indicator. Zhou et al. (2019) proposed

the concepts of “global connectivity” and “local connectivity” to consider both the connection extent of the

whole transportation network and the distance between each node to its neighbors and evaluated the system

efficiency using percolation theory. Boakye et al. (2022) proposed a framework to evaluate the role of

transportation network in terms of natural disasters’ impact on communities. They quantified the

community well-being and distributive social justice and defined an indicator based on the network’s

capability to “maintain health”. The metrics were defined based on the connectivity theory and the shortest

path between injured people and medical resources. Wu and Chen (2019) proposed a framework to assess

the accessibility of injured residents to hospitals or EMS centers, considering the interactions among

hazards, infrastructure, and EMS efforts. They used the total transportation network usage time from the

beginning to the end of the EMS efforts to develop the resilience index and link importance indicator. Also,

they investigated the optimal location for an extra EMS center based on the proposed metrics.

1.2.1.3 Transportation resilience focusing on network redundancy and emergency traffic

Rapidity, robustness, redundancy, and resourcefulness were popular indexes when simulating

community resilience (e.g., Wang and van de Lindt, 2021; Wang et al. 2021; Cimellaro et al. 2010; Zou
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and Chen 2019). Other than the studies focusing on the connectivity and accessibility of transportation

networks, there have been some interesting studies focusing on the network redundancy and even the traffic

flow during the emergency response following hazards like earthquakes. Cimellaro et al. (2010) developed

the resilience model of the acute care facilities based on the normalized waiting time and the distinction

between the waiting time before and after the disaster happens and extended the resilience concept to the

hospital network at the community level. Ip and Wang (2011) and Zhang and Wang (2016) proposed a new

network performance metric called weighted independent pathway that can consider the redundancy level

of roadways in a network. Their models considered network topology, traffic demands, and the uncertainties

in infrastructure fragility, demonstrating considerable merits in redundancy quantification. However, the

independent pathway is not sufficient to consider the effect of every single link/roadway on the network

performance. Except for independent paths without any shared edges, those paths with shared edges can

also provide extra redundancy to the system. Wu and Chen (2023a) introduced a methodology to fully

consider the redundancy of transportation systems during the emergency response period based on the

equivalent resistance theory and applied the emergency medical demand of different zones as the weighing

factor. Feng et al. (2020) proposed a scenario-based methodology to model the performance of a

transportation network during the post-earthquake emergency response stage using an agent-based model.

The model considered abrupt destination changes, driving behavior after a major earthquake, lack of traffic

information, and decreased traffic capacity due to infrastructure damages.

1.2.2 Resilience modeling of transportation network during post-earthquake recovery stage

The recovery stage is a vital stage after hazards, and some progress has been made in terms of the

resilience modeling of transportation networks during this stage with focuses on general traffic simulation
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(e.g., Chang et al. 2012), infrastructure deterioration (e.g., Alipour and Shafei 2016), microscopic

simulation and travel safety (e.g., Wu et al. 2021), OD-grid capacity (e.g., Pan et al. 2022), elaborated

recovery optimization and time-dependent index (e.g., Zhang et al. 2022; Li et al. 2019), metro system (e.g.,

Zheng et al. 2022), large networks (e.g., Wandelt et al. 2021) and link importance factors (e.g., Gauthier et

al. 2018), etc. Among the many studies focusing on the post-disaster performance modeling of

transportation networks (e.g., Kozin and Zhou 1990; Wakabayashi & Kameda 1992; Chang and Nojima

2001; Zamanifar & Seyedhoseyni 2017; and Sun et al 2020), some of them paid attention to the resilience

analysis and modeling of critical transportation infrastructures. Akiyama et al. (2020) investigated the

importance of bridges considering both independent and interrelated hazards on bridges by developing a

life-cycle reliability and risk approach to assess bridge and networks under various hazards like earthquakes,

tsunami, and corrosion. Dong & Frangopol (2015) estimated the risk and resilience of bridges under

earthquakes by proposing an approach to improve bridge mitigation under hazards. Besides the mainshocks,

they also investigated the impact of aftershocks on the bridge resilience, and concluded aftershocks have

significant effects on bridge repair loss and residual functionality. Argyroudis et al. (2020) proposed an

integrated framework to account for the nature and sequence of multiple hazards and their effects and to

quantify the resilience of critical transportation infrastructures subjected to hazards considering the

structural vulnerability and recovery rapidity.

In recent years, more and more researchers incorporated travel demand and traffic assignment methods

into their works when simulating the resilience and performance of transportation networks during post-

earthquake recovery period. Kameshwar et al. (2020) developed a bridge restoration model based on

decision trees to assess the performance of regional road networks under extreme events to provide a
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detailed assessment of bridge functionality and traffic restriction and derived the traffic capacity of
disrupted links based on the Highway Capacity Manual. Wu et al. (2021) introduced a resilience indicator
by considering both travel time and safety for assessing transportation networks during the extended
recovery phase following an earthquake. The researchers examined the impact of partially closed links
resulting from severe bridge damage on travel time and traffic safety. They employed static traffic
assignment and the Poisson regression model to derive the travel time and traffic accident frequency. The
study assumed that the travel demand during the long-term recovery stage is the same as the pre-hazard
level. Some researchers suggested deriving the travel demand during the post-earthquake recovery stage by
applying modification factors based on seismic intensity, building damage, or network capacity
(Kiremidjian et al. 2007; Shinozuka et al. 2008; and Zhou et al. 2010). These travel demand modification
methods have been followed by some studies when simulating transportation resilience. Alipour and Shafei
(2016) examined the influence of deteriorating components on network resilience. They developed a
framework that considered the degradation of components over time and its consequential impact on the
network functionality. By applying this framework to the transportation network in San Francisco Bay Area,
they utilized historical seismic activity data along with current estimates of component deterioration. They
used reduction ratios for different trip purposes as functions of peak ground accelerations.

Chang et al. (2012) introduced an in-depth exploration of modeling approaches for assessing
transportation networks in the aftermath of earthquakes. The authors delved into various methodologies for
damage assessment, network performance evaluation, and recovery planning. They introduced
modification factors for trip production and attraction based on different functionalities and hazard

scenarios of the zones. They also adopted the classic gravity model to estimate the changed travel demand
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during the post-earthquake stage. Most of these studies were based on the modified but fixed travel demand

of the network and did not capture the time-evolving nature of the travel demand during the recovery stage.

Some studies considered the time-evolving feature of travel demand during the post-earthquake recovery

stage (Zhou et al. 2010; Kilanitis and Sextos 2019b). Kilanitis and Sextos (2019b) investigated the effects

of earthquake-induced bridge damage and time-varying traffic demand on the resilience of road networks

when simulating post-earthquake transportation network resilience. The study focused on the interaction

between the network capacity and the trip generation during post-earthquake scenarios, based on which

they introduced a trip reduction factor to simulate the time-evolving travel demand.

1.2.3 Risk-informed decision-making to increase transportation resilience

1.2.3.1 Pre-earthquake mitigation planning

There have been some efforts on improving community resilience through pre-hazard mitigation (e.g.,

Zhang et al. 2018; Wang and Jia 2020; Zhang and Alipour 2020). Freckleton et al. (2012) and Edrissi et al.

(2015) proposed a methodology to help decision-makers identify specific weaknesses within the network

so that pre-disaster improvement projects are prioritized appropriately. Chandrasekaran and Banerjee (2016)

applied a multi-objective evolutionary algorithm to determine the optimal retrofit design considering

resilience and limited budget, with which different retrofit methods were investigated on bridges suffering

multiple hazards. Zhang and Wang (2016) developed a project ranking methodology to prioritize

transportation network retrofit projects and built a decision-making model to select the optimal new

construction plan based on their proposed resilience metric. Wu and Chen (2019) proposed a link

importance factor based on the performance of traffic networks during the emergency medical response to

prioritize the most significant links to the network. Merschman et al. (2020) prioritized the bridge repair
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using three performance measures: total travel distance and time, bridge importance based on connectivity,

and a social measure in terms of the accessibility to emergency facilities. The bridge importance measure

is defined from the topology of the network and shortest paths. Wang & Jia (2019) proposed an efficient

sample-based approach to estimate a probabilistic sensitivity measure of the network that yields bridge

importance rankings for pre-earthquake risk mitigation priorities. The methodology incorporated the

uncertainties in hazards and bridge damage states and enabled effective search of the mitigation strategies

within a small subset. Also, they considered the partial functionality of disrupted links by assuming different

levels of capacity according to damage states.

1.2.3.2 Post-earthquake reconstruction planning

In addition to studies focusing on pre-hazard mitigation planning, there have also been some studies

focusing on post-hazard reconstruction planning. Most of the studies optimized the post-ecarthquake

restoration based on the network performance or resilience and information about infrastructure repair time,

limited resources, and contractors (e.g., Chen and Tzeng 1999; Cho et al., 2000; Orabi et al., 2009, 2010;

and El-Anwar et al., 2015). Bocchini & Frangopol (2012a) presented an optimization for the repair activities

of the bridges in a transportation network that were severely damaged by an earthquake. The study adopted

three conflicting objectives: maximizing network resilience, minimizing the time and total costs, and

provided an entire set of Pareto solutions to the optimization. Bocchini & Frangopol (2012b) built a model

to prioritize the intervention of bridges along a highway segment by incorporating both travel time and

distance into the resilience indicator and conducting the optimization with two conflicting objectives:

resilience and cost. Zhao & Zhang (2020) proposed a bi-objective and bi-level optimization framework to

optimize the transportation infrastructure restoration plan. They took the unmet demand and total travel
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time as performance measures and solved the optimization using elastic user equilibrium and a modified

active set algorithm. Liu et al. (2020) considered the reduced traffic carrying capacity of damaged links and

proposed a modified network robustness index as the resilience measure to prioritize the network recovery

using a two-stage optimization method. The traffic capacities of damaged links were assumed to be

determined through communication with stakeholders.

1.3 Current research gaps

1.3.1 Interactions between infrastructure, people, EMS, and hazards during post-earthquake emergency

medical response

There are some limitations of most existing studies in Section 1.2.1 (Novak and Sullivan 2014): (1)

the complex interactions between vulnerabilities of transportation infrastructure, people, EMS and hazards

have not been systematically modeled; (2) the limited resources during emergency response, such as

personnel and vehicles, have not been realistically incorporated; (3) most of the existing studies focused on

recovery with limited information of critical links, which are substantial to the pre-hazard mitigation or

reinforcement prioritization in the prevention stage (Edrissi et al. 2015; Holguin-Veras et al. 2014, Miller-

Hooks et al. 2012).

1.3.2 Holistic model to simulate full redundancy of transportation network to support post-earthquake

emergency medical response

Most studies as discussed in Section 1.2.1 cannot be used to simulate the realistic disrupted scenarios

introduced in Section 1.2.1. Holistic models were not available to support the post-earthquake emergency

medical response by considering these disrupted scenarios. For the realistic scenarios as discussed

previously, extensive blacked-out traffic signals, considerable emergency traffic, and a high number of
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private-vehicle-based hospitalization trips may happen simultaneously during the emergency response
stage. For the commonly used static traffic assignment models, it is challenging for them to simulate the
unstable traffic demand and the “all-way stop intersections”. Although the accessibility and connectivity
methods can help recognize the shortest paths, the existence of alternative/redundant routes may be more
critical during the emergency medical response. The weighted independent pathway theory improved the
redundancy quantification, but it did not consider the impact of the connecting/bridging links between
independent pathways on system redundancy. The dynamic traffic assignment (DTA) methods may be used
to model the unstable traffic demand. However, the application with DTA is so complex that only scenario-

based analysis is feasible so far (Feng et al. 2020).

1.3.3 Travel demand estimation and traffic flow simulation during post-earthquake emergency medical

response

Although EMS vehicles play an essential role in people’s daily life and some disastrous events, private-
vehicle-based injury transporting has been recognized as the primary mode during the emergency response
periods following major natural hazards like earthquakes (Djalali et al., 2011; Kang et al., 2015; Hwang et
al., 2001; Nia et al., 2008). Unlike emergency vehicles with driving privileges, personal cars will become
part of regular post-disaster traffic in the emergency response stage. EMS efforts based on private vehicles
deserve more attention partly because of the relatively significant role in the overall EMS efforts and higher
vulnerability of experiencing more delay, which can be substantially affected by various traffic disruptions.
As summarized in Section 1.2.1, existing studies on transportation performance resilience during the

emergency response stage did not reasonably estimate the emergency travel demand and simulate the traffic
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flow, especially when the traffic in the emergency response stage experiences considerable variations over

time.

1.3.4 Link functionality quantification and work zone traffic simulation during post-earthquake recovery

stage

Most studies as summarized in Section 1.2.2 have several major limitations: (1) most of the studies

considered either fully closed or fully opened links in terms of the functionality of traffic networks

following hazards. As discussed earlier, the time-progressive restoration processes of infrastructures (e.g.,

severely damaged bridges or roads) following earthquakes usually take rather long time. It is very common

that some roads or bridges may only remain open for some lanes for certain time periods, especially given

the common shortage of available restoration resources. Assumptions of instantancous repair and recovery

made in many existing studies were not realistic, which directly affect the accuracy and rationality of related

traffic performance assessment and prioritization decisions during the long-term recovery stage. Although

some studies have related the bridge traffic restrictions to the bridge functionality levels based on the

Highway Capacity Manual (Kameshwar et al. 2020), they didn’t consider the effects of bridge length and

flow merging and diverging on link travel time, which are very important for simulating the traffic

performance of partially closed links. A methodology to rationally assess the traffic performance on

transportation networks with various levels of disruptions between a fully closed and fully opened stages is

still lacking; (2) as discussed earlier, a partially disrupted transportation network (e.g., bridges and roads

with limited lanes open) not only affects travel time, but also creates multiple work-zone scenarios and

results in merging and diverging of link traffic flows, which considerably increase vehicle crash risks.

(Yang et al. 2015). Therefore, for traffic planning in the long-term recovery stage following earthquakes,
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both travel time and safety risks should be appropriately considered for partially disrupted traffic networks;
(3) uncertainties associated with hazards and bridge fragility affect the long-term recovery stage, which
have been rarely incorporated into the existing studies of traffic performance (e.g., time and safety). In
addition, post-disaster repair priority of the vulnerable bridges is related not only to the network topology
and infrastructure location but also to the seismic uncertainty, travel demand, traffic efficiency and safety.
So, for the traffic performance assessment and post-disaster restoration prioritization, uncertainties should
be carefully incorporated.
1.3.5 Time-dependent transportation resilience based on time-evolving travel demand during post-

earthquake recovery stage

Most of these studies summarized in Section 1.2.2 either used the pre-hazard travel demand or applied
areduction or modification factor to quantify the number of trips during the post-earthquake recovery stage.
These simplifications may differ from reality when simulating the performance of transportation networks,
especially during the post-earthquake recovery stage after disastrous hazards. After major earthquakes, the
time-evolving community population and travel demand may change drastically, which may differ
significantly from the pre-hazard community. Thus, transportation resilience modeling and reconstruction
planning based on a specific ratio of the pre-hazard travel demand may not reflect the unique characteristics
of the transportation during the recovery stage. It would be desirable to incorporate the time-dependent OD
demand into the simulation to rationally assess the transportation performance and resilience during the
post-earthquake recovery stage. Moreover, the reconstruction planning of damaged transportation
infrastructures was not properly conducted. As mentioned above, the reconstruction planning should focus

on meeting the actual demands of the current/remaining and future/recovering residents like urban planning.
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However, the reconstruction plans in existing studies were based on approximated travel demands as a

certain ratio of the pre-hazard OD demand instead of using reasonably estimated time-evolving data.

1.4 Research objectives of this dissertation

Disruption of transportation systems by earthquakes will impact the post-earthquake emergency

response and long-term recovery of the attacked community. Transportation systems are easily degraded in

the link level (e.g., traffic capacity and safety) and network level (e.g., network connectivity, network

redundancy, and travel demand) during both the emergency response and the recovery stages. Also, a

reasonably estimated travel demand during both stages is significant for transportation resilience. As

discussed in Section 1.3, previous studies to assess transportation resilience in these stages are not sufficient

given their limitations in modeling methodologies. Therefore, this dissertation will focus on developing

resilience simulation frameworks of transportation networks subjected to earthquakes during the two stages.

It aims to (1) develop traffic resilience performance assessment frameworks to simulation multiple

interactions, comprehensive network redundancy, and emergency travel demand during the emergency

response stage; (2) develop transportation resilience assessment frameworks to simulate link functionality

with work zones and the time-evolving travel demand of the attacked community during the recovery stage.

Specifically, the research objectives of the current dissertation are as follows:

The first objective is to develop a resilience modeling framework for traffic network in post-earthquake

emergency medical response considering interactions between infrastructures, people, and hazard. This

framework can help assess the transportation resilience performance during EMS vehicle-based emergency

medical response and derive link importance factor for pre-hazard mitigation planning.

The second objective is to develop a resilience modeling methodology for transportation network
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during the post-earthquake emergency medical response with consideration of the extensively blacked-out

traffic signal lights and private-vehicle-based injury transportation. The proposed methodology can

quantify the comprehensive network redundancy and derive pre-hazard mitigation planning to support post-

carthquake emergency medical response.

The third objective is to develop a traffic resilience modeling framework for post-earthquake

emergency medical response and planning considering disrupted infrastructure, dislocated residents, and

the services from both EMS and private vehicles. The developed methodology can help estimate emergency

travel demand and investigate the reasonable number of EMS vehicles.

The fourth objective is to develop a post-earthquake resilience assessment model during the long-term

recovery stage, considering link functionalities and work zone travel safety. The new model incorporates

infrastructure damage uncertainties and can be used for long-term restoration prioritization of transportation

networks.

The fifth objective is to develop a time-dependent transportation resilience modeling framework based

on time-evolving travel demand during the post-earthquake recovery period. The proposed model can help

people understand the importance of simulating community population and travel demand changes and can

support post-earthquake bridge reconstruction planning.

1.5 Outline of the dissertation

The outline of the dissertation is as follows:

Chapter 1 provides the research background for this dissertation and presents the literature review on

the related research topics. Meanwhile, the current research gaps for these research topics are identified,

followed by the research objectives of this dissertation.
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In Chapter 2, a transportation network's resilience-related performance following an earthquake is

modeled with a focus on emergency medical services based on EMS vehicles. The model incorporates

fragility information for buildings and bridges to assess the number and locations of individuals requiring

emergency medical assistance and potential disruptions to network links. Two resilience performance

indicators are introduced to evaluate the relative importance of different links within the traffic network

and the overall efficiency of emergency medical response for the entire network. Subsequently, the

proposed framework is demonstrated in a virtual community affected by a seismic event. A parametric

study is conducted to examine the impact of critical model parameters under two earthquake intensity

scenarios. Furthermore, the potential inclusion of a new EMS medical center is analyzed to identify optimal

locations and potential outcomes.

In Chapter 3, a comprehensive methodology is developed to assess the resilience performance of a

transportation network and facilitate pre-hazard mitigation planning, focusing on post-ecarthquake

emergency medical response based on private vehicles. The model incorporates seismic fragility

information of infrastructure and utilizes the Monte Carlo Sampling method to account for uncertainties,

enabling the quantification of residents who may require emergency medical services and potential damage

scenarios to network links. A novel resilience performance indicator is introduced to evaluate the efficiency,

redundancy, and overall emergency medical response performance of the entire transportation network.

The effectiveness of the proposed methodology is demonstrated in Shelby County, Tennessee. A parametric

study is conducted to examine the effects of Richter magnitude on the injured population, saved population,

and resilience index. Additionally, an optimization process is employed to strengthen bridges prior to

hazards, considering the detailed budget information and resilience index.
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In Chapter 4, a framework is developed to model the resilience performance of transportation systems

during the emergency medical response phase following an earthquake, specifically from the perspective

of emergency medical services based on both EMS and private vehicles. The framework considers the

impact of emergency dislocation traffic and infrastructure disruption. To capture various uncertainties in

ground motion, infrastructure damage states, debris distribution, and road disruption, the study incorporates

the seismic fragility of infrastructures and utilizes the Latin Hypercube Sampling method to generate

numerous potential scenarios. This chapter adopts a dynamic traffic assignment method to simulate the

flow of emergency traffic and the time-dependent delays in the injury transport system, which relies on

private vehicles. A new resilience indicator is introduced to assess the efficiency of the transportation

network and the performance of the emergency medical response within the affected community. Finally,

the proposed model is demonstrated in a virtual community, and a comparative study is conducted to

examine the differences between the dynamic and static traffic assignment methods.

In Chapter 5, a framework is developed to model the resilience-related performance of a transportation

network, considering both travel time and traffic safety perspectives. The model considers uncertainties in

earthquake information and bridge fragility to simulate realistic earthquake scenarios, including potential

bridge disconnections or partial functionality. An introduced resilience performance indicator evaluates the

overall travel time and safety performance of the entire network, while a bridge restoration prioritization

index assesses the relative priorities for restoring different bridges within the traffic network. Finally, the

proposed framework is demonstrated in a hypothetical community located in earthquake-prone areas.

In Chapter 6, a framework is developed to model the time-dependent resilience performance of

transportation networks during the recovery stage following an earthquake, with a specific focus on
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enhancing the transportation experience for both current and future residents of the affected community.

To account for uncertainties in bridge damage scenarios, the study incorporates the seismic attenuation law,

bridge fragility functions, and employs the Latin Hypercube sampling method to generate multiple

disruption scenarios within the network. Additionally, building fragility functions, recovery information,

community demographics, and the Metropolitan Planning Organization model are utilized to estimate the

evolving community population and travel demand over time. To simulate traffic efficiency and travel

safety during the recovery stage, a modified Bureau of Public Roads function for work zones, the static

traffic assignment method, and a work-zone traffic accident model are employed, specifically considering

the morning rush hour traffic. A novel time-dependent resilience index is introduced to assess the

transportation performance experienced by the evolving community residents throughout the recovery

period. Finally, the proposed methodology is demonstrated in Shelby County, Tennessee, and a comparative

analysis is conducted during the reconstruction planning phase to examine the impact of optimal

reconstruction plans on transportation resilience in the post-ecarthquake recovery stage.

Chapter 7 concludes the dissertation by highlighting the major findings and suggesting some future

research directions.
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CHAPTER 2 RESILIENCE MODELING FRAMEWORK OF TRAFFIC NETWORK IN POST-
EARTHQUAKE EMERGENCY MEDICAL RESPONSE CONSIDERING INTERACTIONS
BETWEEN INFRASTRUCTURES, PEOPLE AND HAZARDOF'

2.1 Introduction

An efficient and timely rescue of injured people by emergency medical services (EMS) is essential to
saving as many lives as possible following disasters. Disrupted traffic networks due to the failures of
transportation infrastructure (e.g., bridges) following major hazards like earthquakes affect the accessibility
and travel time of the disrupted transportation network during the emergency response stage. A rational
prediction of the traffic network resilience performance in terms of EMS cannot only help implementing
optimized post-disaster medical response plan, but also identify the most cost-effective preventive measures
before the occurrence of disasters. Post-hazard EMS transportation highly depends on both medical needs
of the vulnerable group and the serviceability of the disrupted traffic network. A framework to assess the
resilience performance of a typical traffic network in terms of post-earthquake EMS is developed by
considering the complex interactions between building infrastructures, injured people, vulnerable medical
centers, EMS vehicles, disrupted traffic network and natural hazards. Two resilience performance indicators
are introduced characterizing the relative importance of different links in a traffic network and overall EMS
resilience for the whole network. A virtual community is selected as the prototype to demonstrate the

proposed framework, which is followed by a parametric study of the earthquake magnitude, different types

! This chapter is adapted from a published paper by the author (Wu and Chen. 2019) with permission from
Taylor & Francis.
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of bridges, location and number of medical centers, and optimal location for a new medical center facility.

The proposed framework and resilience performance indicators can help establishing more efficient pre-

disaster improvement plan of critical links, prioritizing post-disaster recovery, and optimizing the strategic

placement and resource allocation of EMS medical center.

This chapter aims to build a framework to assess the resilience performance of a typical traffic network

in terms of post-earthquake EMS by comprehensively capturing the interactions between building

infrastructures, injured people who may need EMS, disrupted traffic network, limited EMS resources and

specific hazard. Two resilience performance indicators are introduced to evaluate the relative importance

of different links in a traffic network and overall emergency medical response resilience for the whole

network. With the two indicators, both post-hazard recovery strategies and pre-hazard prevention measures

with the constraints of limited resources can be made. The proposed framework is demonstrated through a

traffic network system with 20 zones, 33 links and 9 bridges in earthquake-prone areas, followed by detailed

parametric analyses.

2.2 Model description

As shown in Fig 2.1, the proposed framework adopts the fragilities of bridges and buildings to obtain

the failure rates of those structures following the occurrence of the hazard to derive the information about

the network connectivity (“supply”) and the number and locations of vulnerable people who need medical

assistance (“demand”), respectively. The states of a traffic network after a disaster and the corresponding

probability of occurrence for each state are calculated based on the failure rates of bridges. Similarly, the

number and distribution of injured people that need EMS are estimated based on the failure probability of

buildings as well as associated injury severities of each zone. In the proposed model, two resilience
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performance indicators specific to emergency response planning, evaluation and improvements are
introduced: total rescue time of the network and link importance values. These resilience matrices for
emergency medical response can be applied in several stages of disaster response, such as prevention,

emergency response and recovery.
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Figure 2.1 Flowchart of the modeling process

2.2.1 Seismic fragility of structures

The seismic fragility functions provide the conditional probability of exceeding a specified

performance level given a set of seismic intensity measures e.g., peak ground acceleration (PGA), spectral

acceleration (SA), spectral displacement (SD), etc. The failure in terms of a limit state is defined as an

excess of the limiting value of the performance indicator, such as stress and displacement of structures.

There are many sources of uncertainties affecting the accuracy of the structural capacity and in turn the

ground acceleration capacity for structures significantly. As a result, the seismic fragility of structures is

usually presented as fragility curve(s) with an assigned probability to describe the confidence level

associated with the estimation of fragility for each limit state.

For bridges, there are typically several different limit (damage) states, for example, no damage or

slight/ minor damage, moderate damage, extensive damage, and complete damage (e.g., Choi et al. 2004).

For each damage state, its probability is the difference between fragility curves corresponding to different

limit state functions. In a region with different types of bridges (e.g., multi-span continuous slab/ concrete/
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steel bridges, and reinforced concrete columns), the fragilities are also different for different bridge types
(e.g., Choi et al. 2004, Gardoni et al. 2002 & 2003, Neilson and DesRoches 2007). From the perspective of
emergency response of traffic networks involving bridges, a linkage needs to be built between the
emergency management decision of a bridge (e.g., closure, partial closure or open) and the physical damage
state.

In addition to bridges, researchers have conducted extensive studies on the seismic fragility of typical
buildings in a similar way (e.g., Reinhorn et al. 2001, Jaiswal et al. 2011). The seismic fragility of typical
buildings can be used to estimate the injury severities of people residing in these buildings. The failures of
the residential, commercial, and industrial buildings are further related to the injured population with
existing knowledge about the occupancy, trapped and injured people. The details will be introduced in the
next section.

2.2.2 Estimation of vulnerable people who may need EMS

According to some existing studies (e.g., Coburn et al. 1992), the injured population of a building zone
is related to the building collapse rate, occupancy rate, trapped rate and injury rate. The failure rate of
buildings under a given earthquake can be obtained through their seismic fragility performance as
introduced in the previous section. The injured group of people can be quantified based on the population,
average occupancy, building failure rate, trapped rate and injury rate (Coburn et al. 1992):

b, = Xy Pop, * Py ¥ MI * My * M3 2.1)
where b, is the number of injured people of a given zone z; Pop, is the population of a given
community or zone z; P, is the collapse probability of buildings type u. M is the average building

occupancy of zone z and M} is the trapped rate of occupants in the collapse of building type u. 5 is

26



the injury rate among the trapped population of building type u. M7 is related to the condition of the zone
and different time during a day. For instance, for residential zones, the occupancy rates are relatively low
at daytime, but high at nighttime, while they are opposite for the non-residential zones in urban places. M3
and M3 are related to the building type and the earthquake intensity. Usually, the higher intensity the

carthquake is, the higher trapped and injury rates are of the same type of buildings.

2.2.3 Resilience index and link importance values

After an earthquake has occurred, the rescue time is an important factor to evaluate the effectiveness
and success of emergency response efforts. The longer time it takes to rescue all the injured people, the
higher potential death toll may be. Therefore, the total rescue time of the network is used as the performance
indicator of the traffic system in terms of emergency medical response, which needs to be minimized. The
total rescue time is defined here as the total travel time on the roads of the round trip between the medical
center and the site to pick up injuries. It does not include the delay time during the EMS process (e.g.,
temporary on-site medical care, and transporting patients out of the buildings), which is assumed to be the
same for all EMS trips in this study. After an earthquake, there are typically several damage states for a
traffic system ranging from various damages of bridges or roadways, etc. In this framework, only the bridge
and medical center failures are considered as damage states of the traffic system and each bridge will be in
either “no failure” or “failure” states. Also, the medical centers are vulnerable under earthquakes and each
medical center will be in either “full functionality” or “close for maintenance”. If there are n1 bridges and
n2 medical centers in the system, there will thus be totally 2(®1¥72) possible states of the traffic system

after an earthquake.

27



The emergency response performance can be assessed with optimizations on the total rescue time made

for every possible state after an earthquake.

Objective: Ts = min,{max, [Tsp (x)]} 2.2)
Constraints: TP(x) =Y, (af: . tIs)'Z) (2.3)
Y. x5 <w, Vpz€N (2.4)

Yoxt¥=b, Vpz€N (2.5)

xP*>0and x2*€Z (2.6)

where Ty is the optimal rescue time of the system under a certain state s € K (K 1is the set of possible
network states after an earthquake); max, [Tsp (x)] is the longest rescue time among all the EMS centers
and is defined as the rescue time of the system under network state s; TSp is the rescue time of EMS
medical center in zone p under network state s; tsp’Z is the round trip travel time from zone p to zone z

. ,Z
under a certain network state s. x?

is the number of injured people being picked up from zone z and
transported to the EMS medical center in zone p and wy, is the capacity of the EMS medical center
located in zone p. Ny, is the number of EMS vehicles for EMS medical center in zone p and Z is the set
of integer numbers. The objective of this optimization is to minimize the total rescue time of the whole
system. Egs. (2.2-2.6) ensure that (1) the injured people are distributed to different medical centers in a
balanced way so that every medical center can finish rescuing effort around similar time, and (2) the overall
rescue process is as quick as possible to save most lives.

Based on the optimization results from Eqgs. (2.2)-(2.6), the resilience index of the traffic system is

defined as:
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RI(e) = B0, P (72> ¢ ) @.7)

where T, is the optimal rescue time of the system when all the links are intact, and all of the medical
centers remain full serviceability. € is the level of functionality (LOF) criterion of the traffic system after
an earthquake, which is a ratio between 0 and 1 to assess whether the reduced emergency response
performance due to possible infrastructure disruptions is acceptable. € is usually specified by the
stakeholders as a subjective criterion.

In addition to the overall emergency response performance indicator, link importance value is very
useful in terms of identifying the critical links from the perspective of EMS. Such information can be used
to prioritize the reinforcement of the links before a hazard occurs or emergency repair of damaged bridges
immediately following the hazard to maximize the emergency response efficiency. The link importance of
any link may be defined as the impact on the resilience index if that link fails. The more the resilience index
drops once a link fails, the more critical that the link is to the EMS. To derive the link importance factor
ljj , the sample space of T is divided into subset (D) where link (i,j) works and subset (2) where link
(i,j) fails (Edrissi et al. 2015). Rl,;; and RI_j; are the resilience indices of subsets D and (2)
respectively. Considering that Rl = RI_j; and the link importance is negatively related to %, the link

+1j

importance value of link (i,j) is defined as:

]

i R (2.8)

which ensures that the link importance value 0 <I;; < 1.
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2.3 Case study of transportation network of Centerville

Fig. 2.2 shows the basic traffic network of a virtual community called Centerville, which has been used
as a virtual test bed for several studies (Ellingwood et al. 2016). To demonstrate the proposed network
under seismic hazards, this community is assumed to be in seismic-intensive regions. Some basic
information of this network is shown in Table 2.1 and Table 2.2 and the length of each link is calculated
from the longitudes and latitudes of the two nodes. For post-ecarthquake emergency response, the posted
speed limits usually become irrelevant for privileged emergency vehicles. We assume conservatively the
driving speeds of EMS vehicles are 30 mph for all the roads since there might be some debris, obstacles or
partial damage on the roads following the earthquake that may lower the actual driving speeds of EMS
vehicles. It is apparent more accurate driving speeds that are specific to road conditions, if available, can
be easily applied to the proposed framework in the future. The travel time for each link is obtained based
on the link length and the driving speed of EMS vehicles. Each of the 20 nodes forms a zone in the whole
community. It is assumed there are two medical centers offering EMS in the network that locate in zone
R3 and zone R5 (marked with stars in Fig. 2.2) and are in relatively central locations of the community
with proximity to most of the nodes in the network. The two medical centers are special buildings and are
considered as mid-rise concrete shear walls according to Hazus 1997. It is assumed in this study that a
medical center will be closed for at least days if it experiences extensive or complete damages. Or it will
remain full functionality. Zones I1 — 17 are mainly residential areas and the rest zones are mainly non-
residential areas: zones P1 — P6 are mainly commercial areas and zones R1 — R7 are mainly industrial
areas. In this study, only bridge damage may cause the links being totally disconnected. The full closure

caused by roadway damage due to earthquake is deemed rare and not considered in this study. Some
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possible minor or local damages on the roadways are reflected on relatively lower driving speeds of EMS

vehicles throughout the network as introduced above. Nine out of thirty-three roads/links are therefore

vulnerable to earthquakes due to the existence of bridges on these links (marked with the bridge symbols

in Fig. 2.2). There are three types of bridges in the community: multi-span continuous (MSC) slab, concrete,

and steel bridges. Given emergency medical response often occurs before transportation authorities can

conduct comprehensive inspections of damaged bridges, it is conservatively assumed in this study that a

bridge will be closed to traffic if it experiences extensive or complete damages as defined by the limit states.

This is based on the understanding that a bridge may not remain opened either due to apparent impassable

nature caused by severe physical damages or decisions made by drivers based on the observations of

extensive damages on the bridges out of caution.

The parameters in Table 2.2 are determined based on the zonal information. There are two different

types of building materials in the community, namely masonry and concrete. For residential buildings,

masonry structures are more popular while concrete structures are more popular for non-residential

buildings like commercial and industry buildings. We randomly generated the percentage of masonry

building between 50%-100% for the residential zones and between 0-50% for the non-residential zones.

Since this demonstrative example focuses on the movements of EMS vehicles, instead of the medical

service capacity of medical centers, it is assumed that the total number of people that the two medical

centers can accommodate is always higher than the total number of injured people being delivered by EMS

vehicles. In other words, each medical center will accommodate every patient being delivered by EMS

vehicles. According to the national ambulance statistics, there were 48,384 ambulances in US in 2008 when

the population was 304.1 million in the United States (EMS Statistics, 2017; Population in the U.S. 2017).
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To consider realistic emergency response resources, the total number of available EMS vehicles (Table 2.2)
of the community is assumed based on its population with the same national ratio as illustrated above. The
EMS vehicles are assigned to the two EMS medical centers roughly proportional to their capacities (total
number of patients they can accommodate) so that all medical centers have the same “pick-up capability”

(number of EMS vehicles/capacity).
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Figure 2.2 Traffic network of Centerville

Table 2.1 Link characteristics

Link# | Start zone End zone Length (km) Travel time(min) Bridges

1 I 12 1.9445 2.4306 0

2 I1 P1 1.594 1.9925 1 MSC-Slab
3 I1 R1 2.4817 3.1022 0

4 12 P2 1.6246 2.0308 0

5 12 P3 1.3118 1.6397 0

6 12 R1 1.548 1.935 0

7 I3 14 1.6205 2.0256 0

8 I3 P3 1.5741 1.9677 0

32



9 I3 RS 2.0231 2.5288 0

10 14 16 2.0231 2.5288 0

11 I5 P5 3.0653 3.8316 0

12 I5 R4 1.3118 1.6397 0

13 I5 R7 1.5741 1.9677 1 MSC-Concrete
14 16 P6 2.8818 3.6023 1 MSC-Steel

15 16 RS 1.605 2.0063 0

16 17 P6 2.2073 2.7591 0

17 17 R7 1.62 2.025 0

18 P1 R2 2.3757 2.9696 1 MSC- Slab

19 P1 R3 2.969 3.7113 0

20 P2 P4 1.324 1.6551 0

21 P3 P4 1.4407 1.8009 0

22 P3 R1 2.0321 2.5401 0

23 P4 P5 2.3909 2.9887 1 MSC- Concrete
24 P4 RS 1.6801 2.1001 0

25 P5 R3 1.3118 1.6397 0

26 P5 R6 1.9077 2.3847 1 MSC- Steel

27 P6 R6 1.6513 2.0641 0

28 P6 R7 2.5838 3.2297 0

29 R2 R3 1.9489 2.4362 0

30 R2 R4 3.5194 4.3993 1 MSC- Slab

31 R3 R4 3.0653 3.8317 1 MSC- Concrete
32 RS R6 2.8813 3.6017 1 MSC- Steel

33 R6 R7 1.9924 2.4905 0

Table 2.2 Zone characteristics
Zone | Pop, (person) Masonry building Concrete building EMS No. of EMS
11 8423 59.442 40.558 e e
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12 10256 45.819 54181 e
I3 9389 52.313 47.687 - e
14 6960 61.32 3868 e
I5 9454 59.307 40.693 e e
I6 14310 62 38 e
17 15140 56.91 43.09 e
P1 4174 0.01 9999 e e
P2 7666 37.5 625 e
P3 5545 40.102 59898 e
P4 5007 31.714 68286 e
P5 3695 34.497 65503 e e
P6 7347 33.996 66.004 e
R1 7549 19.859 80.141 e
R2 8499 30.859 69.141 e
R3 7875 8.2284 91.772 182 6

R4 10129 32.697 67303 e e
RS 6768 0.012 99.988 304 10
R6 7727 14.117 85883 e
R7 3674 0.3455 99.654 - e

Assuming the depth of the epicenter in this study is 10 kilometers, we employed the seismic attenuation
law developed by Atkinson and Boore (1995) for the mean PGA (cm/s?):

log(PGA) = ¢; + ¢,(M, — 6) + c3(M, — 6)2 —logR — ¢,R (2.9)

where M; is the Richter magnitude; R is the epicentral distance (km); c;, c,, c3, and c, are
parameters from regression analysis. According to the study by Atkinson and Boore (1995), following

parameters are selected: ¢; = 3.79, ¢, = 0.298, c3 = —0.0536, c, = 0.00135.
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To study the bridge failure risks during the occurrence of earthquakes, the fragility curves of similar
bridges in a high seismic zone are adopted from an existing study (Neilson and DesRoches 2007). In the
work by Neilson and DesRoches (2017), a bridge’s fragility is defined as the probability that the seismic-
induced demand meets or exceeds the seismic capacity of the bridge. The relationship between PGA and
the extensive damage rates of the three types of bridges are shown in Fig 3. Since the extensive damage
limit state in Fig. 2.3 includes extensive and higher damage limits, the extensive damage rate can be used

as the seismic failure rate of bridges for both extensive and complete damage limit states.
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Figure 2.3 Seismic fragility curves for typical bridge types (Neilson and DesRoches 2007)
In the work by Neilson and DesRoches (2017), the probability of each damage state is:

In(PGA)—In (med;)

P[Damage State i or greater|PGA] = @[ 2

] (2.10)

where med; is the median PGA value of damage state i; {; is the dispersion of damage state i. The
median and dispersion values for seismic fragility curves of the three bridge types are presented in Table
2.3. According to Hazus (1997), Eq. (2.10) also works for special buildings like medical centers with

median and dispersion values of 1.24g and 0.64 respectively.

Table 2.3 Median and dispersion values for seismic fragility of five bridge classes

Median PGA values (g)
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Bridge Class Extensive med; Dispersion {;

MSC slab 0.78 0.7
MSC concrete 0.75 0.7
MSC steel 0.39 0.55

In this study, the failure of buildings is defined as the collapse since the number of injured population
caused by building collapse is the primary concern for EMS. Jaiswal et al. (2011) provided the relationship
between Modified Mercalli Intensity (MMI) and the collapse fragility of several different types of buildings,
which is:

Py(Im) = Ay X 10Bu/(Imm=Cu)) (2.11)

where A,, By, and C, are the scale, shape, and location parameters for building type u. The values

of parameters A, B and C are 0.85, -2.35, and 5.9 for precast concrete frame and 9.52, -4.89, and 5.32 for

masonry buildings, respectively. I, is the seismic intensity related to the MMI scale. Wald et al. (1999)

proposed the relation between PGA (g) and 1,;,,, based on the analysis of earthquakes in California, which
is

Inm = 3.6610g(PGA) — 1.66 for V < I, < VIII (2.12)

Based on Equations (11) and (12), the relationship between PGA and building collapse fragility can

be derived:

P,(PGA) = A, x 10(Bu/(3.66108(PGA)~1.66-Cy)) for V<1l < VIII (2.13)

Coburn et al. (1992) studied the occupancy rate (M7) of urban residential and nonresidential buildings
(Fig. 2.4a) during a day and the occupants trapped rate by collapse for different macroseismic intensities

with scale Medvedev—Sponheuer—Karnik (MSK). Musson et al. (2009) compared different macroseismic
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intensity scales including MSK and Modified Mercalli Intensity (MMI). Both MMI and MSK have twelve
intensity levels from I to XII. According to the study of Musson, any given ground motion has the same
intensity level in terms of scales of MMI and MSK and thus they are practically interchangeable. In this
demonstrative example, for the convenience of presentation, the occupants’ trapped rates of masonry
buildings based on MSK by Coburn et al. (1992) are converted to those based on MMI, as shown in Fig.
2.4b. The trapped rate of concrete buildings under near field earthquakes is 0.5. Fig. 2.5 shows the
distribution of different injury severities (i.e., light injury, hospitalization, severe injury and dead) among

people trapped by the collapse of masonry buildings and reinforced concrete buildings (Coburn et al. 1992).
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For EMS, the focus is apparently on those who were considerably injured but remained alive after the

carthquake. Among all the injured people, those with severe injury and hospitalization levels in Fig. 5 may

need immediate medical care and will receive the priority of EMS. The scenario earthquake is assumed to

happen at 10:00AM, and the average occupancy of residential and non-residential buildings can be obtained

from Fig. 2.4a. Similarly, the other parameters under two different earthquake magnitudes can be calculated

with Egs. (2.9-2.13) and the details are summarized in Table 2.4.

Table 2.4 Model parameters derived from Richter magnitudes

Richter magnitude 6.5 7.25
PGA (g) 0.2988 0.4486
Inm 7.37 7.93
P,of RC frame 0.0213  0.059
P, of masonry 0.039  0.127
Failure rate of MSC-slab 0.08 0.19
Failure rate of MSC-concrete | 0.09 0.21
Failure rate of MSC-steel 0.31 0.56
M7? of residential zones 0.42 0.42
M7? of nonresidential zones 0.85 0.85
MY of masonry 0.143  0.282
MY of concrete 0.5 0.5
M} of masonry 0.6 0.6
M} of concrete 0.5 0.5

As discussed earlier, there are nine vulnerable links in the traffic system with bridges involved and two

vulnerable medical centers. Any of the nine links and the two medical centers is possible to fail during an

earthquake, so the total number of possible states K for the traffic network after an earthquake equals 211,

The depth of the epicenter and the epicentral distance are assumed to be 10 km and 26.5 km respectively.

Considering both are much bigger than the linear size of the community, it is assumed that the whole

community shares the same PGA and other seismic characteristics. In this study, the graph theory and

Dijsktra’s shortest route algorithm (Dijsktra 1959) are applied to analyze the shortest routes between nodes
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for each possible state after hazard. Let the LOF € = 0.85 and M;, = 6.5, the link importance values and
system indicators are calculated with the framework introduced above and the results are listed in Table 2.5
and Fig. 2.6. Genetic Algorithm and Sequential Quadratic Programming are used to optimize the total
rescue time (Eq. (2.2)) with integer constraints for variables on a desktop computer with 3.2GHz processor
and 16GB RAM and the computational time is about 7 minutes.

Fig. 2.6 shows considerable difference among the importance values of different links from the EMS
perspective is found to be the most important link while link 18 and 30 are the least ones in the network.
As shown in Fig. 2.2, it is apparent that link 18 and 30 are redundant and there are better alternative routes

that can bring the EMS vehicle to the EMS medical center from the same area.

Table 2.5 System indicators when M|, = 6.5

ML = 65
Rescue time (min) 264.3
RI 0.9317
T, (min) 207.1
02 _
0.15 |
0.1337 0.1339
o
8
c
& 01 |
2
£ 0.0811
= 0.0644 0.0627
-
0.05 |
0.003311110.0028 0 0.0002
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Figure 2.6 Link importance values when M;, = 6.5
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2.4 Parametric analysis

Parametric analyses are conducted with the proposed framework on different parameters, such as level

of functionality, Richter magnitude, bridge types, number and location of EMS medical center and possible

new addition of EMS medical center.

2.4.1 Level of functionality &

As introduced previously, the stakeholders may specify the level of functionality as a type of subjective

performance expectation and such a value may have influence on the resilience index and link importance

values. The influence of the LOF & on network indicators is analyzed and the results of several selected

links are shown in Figs. 2.7-2.10. Figs. 7-9 show that link 2, 13, 14, 23, 26, 31, 32 are most sensitive to the

value of LOF ¢ and link 18 and 30 are the least. It is consistent with what has been observed from Fig. 2.2

that link 18 is always redundant in the system. There are several peaks in Fig. 2.9. Taking link 18 as an

example, when the LOF is larger than 0.7, the failure or functionality of link 18 has little impact on the

acceptability of the network performance for all possible network damage states. When the LOF € is

around 0.67, link 18 has moderate effect for some network damage states. In Fig. 2.10, a relatively faster

reduction in network reliability is observed when LOF increases. It is because most values of T

concentrate within a narrow range around Ty. This phenomenon is caused by the relatively low failure

probability of the medical centers and bridges especially for the MSC slab and MSC concrete bridges

under M;, = 6.5, and the complexity of the traffic network. When a network becomes more complex, a link

is more likely to have alternative links with similar travel time in the network.
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2.4.2 Richter magnitude

The influence of Richter magnitude on the system is based on its influence on the fragilities of

residential buildings and bridges. In this study, another Richter magnitude is also applied to make a

comparison, i.e., My, = 7.25. When M; = 7.25, the failure probabilities of buildings, MSC slab bridges,

MSC concrete bridges and MSC steel bridges get higher. As a result, the higher the Richter magnitude is,

the more injured people and also the more vulnerable links (i.e., bridges) of the traffic network will be. In
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reality, the EMS capacity of a medical center may not be sufficient for a higher number of injured people

that all need immediate medical attention during a very short time period under a high seismic magnitude

like 7.25. In this case, additional overflow or temporary medical center is assumed to be made available in

zone 11 and it is also a mid-rise concrete shear wall. It is assumed the overflow or temporary medical

center in zone I1 has the same “pick-up capability” as the original medical centers and the “pick-up

capability” of a medical center is the ratio of its number of EMS vehicles to its capacity. The link importance

values and the comparison of the rescue time and reliability are shown in Fig. 2. 11 and Table 2.6.

By comparing Fig. 2.6 (M, = 6.5) and Fig. 2.11 (M, = 7.25), it is found that the link importance

values change considerably under different seismic intensities. Different from the case with M, = 6.5 (Fig.

2.6), when M; = 7.25, link 2 becomes the most significant one and link 18 is no longer the least important

one (Fig. 2.11). Thanks to the change in the medical resources/supply condition caused by the overflow or

temporary medical center at zone 11, link 2 becomes very critical and link 18 is no longer redundant. Table

2.6 lists the results of the total rescue time and resilience index under two magnitudes. It shows that

magnitude has a significant effect on the system resilience and the rescue time in a complex way since

different magnitudes of earthquakes affect both “supply” (connectivity and travel time due to possible

bridge failure) and “demand” (injury caused by the building damage) of the system. Therefore, post-

earthquake EMS planning may have different optimal strategies when earthquakes with different intensities

occur.
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Figure 2.11 Link importance values when M;, = 7.25

Table 2.6 Comparison of system indicators at different magnitudes
M, =65 M, =725
rescue time (min) 264.3 574.9

RI 0.9317 0.8451

2.4.3 Bridge types

Three types of bridges have been considered in this study with certain ratios of composition.

Apparently, different kinds of typical bridges have different seismic responses and failure probability.

Accordingly, the connectivity conditions of the system will also change. Three special cases are studied for

comparison purposes: case 1- all bridges are MSC slab ones; case 2- all bridges are concrete girder ones;

and case 3- all bridges are steel ones. The three cases are analyzed under seismic with both M;, = 6.5 and

M, = 7.25. The total rescue time results are listed in Fig. 2.12.

Fig 2.12 shows that at both Richter magnitude and the composition of different bridge types have

considerable influences on the network efficiency and total rescue time. Compared to that when M;, = 6.5,

larger difference exists among different bridge composition scenarios when M, = 7.25. The results

suggest that detailed classification of bridge types with considerably different seismic fragilities may be
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more critical for areas experiencing higher seismic intensities than lower intensities. Comparatively, the

adoption of more MSC slab or girder bridges may potentially reduce the total rescue time or increase the

system emergency response reliability. Steel bridges may cause the largest impact on increasing the total

rescue time. More general conclusions, however, can only be made based on studies of more traffic

networks with site-specific details. But this type of information, if available to a specific community, can

be very helpful to the planning efforts of future pre-hazard bridge strengthening, post-hazard repair

prioritization and the design of new bridges when post-earthquake EMS performance is of concern.
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Figure 2.12 Total rescue time (min) in different cases/ magnitudes

2.4.4 Location/number of EMS medical centers

The location and number of medical centers supporting EMS in a community are apparently important

decisions, and a strategic and optimized planning can achieve the best balance between saving more rescue

time and economic efficiency. In the proposed framework, such parameters deserve further investigations

since they can directly affect the “supply” of emergency medical response. To make more insightful

observation of the impacts from these parameters, it is assumed there is only a centralized EMS medical
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center in the community in this section. With only one EMS medical center, a wide range of possible

locations of the centralized EMS medical center in the network can be investigated to disclose the effect of

the location of EMS medical center on emergency medical response performance as well as possible

optimal locations. For parametric and comparative study purposes, the total demand of the EMS traffic (i.e.,

total patients need to be transported), the community’s total medical center capacity and the number of total

EMS vehicles remain the same as the ones in the previous sections. Each of the 20 zones is studied as a

possible candidate of the centralized EMS medical center, so the system indicators of 20 different potential

medical center locations are compared. Figs. 2.13-14 list the resulted link importance values and total rescue

time.

Fig. 2.13 suggests that the locations and number of EMS medical centers affect the importance values

of individual links significantly. For some medical center locations (e.g., 11, 16, R4, R6), the link importance

values of one or two links become very critical, justifying higher priority of enhancement or maintenance

on those links before and restoration after an earthquake. For some medical center locations, such as 12 and

13, the link importance values of most links are similar, indicating almost even contributions to the

emergency response of the whole network. As discussed earlier, link importance is only one side of the

coin by showing the relative relations of different links. The other important performance indicator is about

the total rescue time of the network, which directly defines the overall emergency response performance of

the whole network.
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Figure 2.13 Comparison of link importance for different location/number of EMS medical center(s)

Fig. 2.14 shows that there is big difference between the rescue time results when the location of
centralized EMS medical center changes. When the centralized medical center is located at P4 or P5 zone,
the community is most efficient in terms of total rescue time. It is due to the relatively central locations of
the two zones and there is only one or two vulnerable links (with bridge) connected to them. Locating the
centralized EMS medical center at I7 zone leads to the highest total rescue time since 17 is at a corner of
the community and surrounded by 4 vulnerable links (with bridges reducing the accessibility of the system).
When compared to the original case, all the comparison cases show higher total rescue time, and it is
apparent that an additional EMS medical center in the original case can greatly increase their accessibility
for the entire system. It is noted that the analysis in this section is for demonstration purposes of the
proposed methodology. If site-specific data for a particular community is available, a detailed analysis can
be made following the same procedure introduced above to provide important planning information of the

EMS medical center.
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Figure 2.14 Comparison of total rescue time (min) for different location/number of EMS medical
center(s)

2.4.5 Best location of a new additional EMS medical center

For a community with population growth over time or simply to improve the emergency response

reliability of the community, sometimes it is warranted to build a new EMS medical center. In this study,

if people build a third EMS medical center in one of the rest zones, the accessibility of the whole network

may increase, and in turn, so does the resilience of the traffic system. In this section, investigations are

made to identify the optimal locations of the new facility and possible impacts to the emergency response

performance of the whole community. Suppose that each zone is a possible candidate of the third EMS

medical center except zone R3 and R5 (already have EMS medical centers) and it is assumed that the

new EMS medical center can accommodate 90 people with 3 EMS vehicles. The resulted link importance

values and total rescue time of each candidate are calculated and shown in Figs. 2.15-16.

Fig. 2.15 shows that the location of the new medical center has a great influence on the link importance.

There are some locations with new EMS medical center, such as 17, P6, R6 and R7 that will cause overall

reduced link importance of the whole network. This can be interesting information for the traffic
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management and public health authorities to evaluate the current link conditions or decide between focusing
the limited recovery/ resources on the functionality of several critical links and spreading the resources to
more links with less dependency on individual ones. Fig. 2.16 shows that there is big difference among the
rescue time of different medical center candidates. When the new additional EMS medical center is located
at zone 17, P6, R6 or R7, the traffic system is most efficient in terms of rescue time. The four zones
located at a corner of the community and all the links connecting these zones to the rest of the community
are more vulnerable. By considering both the results of link importance and total rescue time, building a
new EMS medical center among the four zones (i.e., 17, P6, R6 or R7) has the most significant impact

on the EMS performance of the whole community.

Link importance

Figure 2.15 Comparison of link importance for different location of the new EMS medical center
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Figure 2.16 Comparison of total rescue time (min) for different location of the new EMS medical
center

2.5 Conclusion

Emergency response is a very critical stage following any major hazard or incident. A framework of
modeling resilience-related performance of a transportation network following an earthquake was
developed from an emergency medical service perspective. In the model, fragility information of both the
buildings and bridges were adopted to quantify the number and locations of people who may need
emergency medical assistance and possible disruptions of the links, respectively. Two resilience
performance indicators were introduced to evaluate the relative importance of different links in a traffic
network as well as the overall emergency medical response efficiency for the whole network. The
importance information of links can be used on developing more efficient pre-disaster improvement plan
and post-hazard emergency recovery strategy by keeping those links with higher importance robust and
passable in both preparation and emergency response stages. In the meantime, the overall emergency
medical response resilience can assist on evaluating the emergency response performance of the whole
community, conducting performance-based intervention and design optimization, and developing more
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rational emergency response plan for a community. Finally, the proposed framework was demonstrated in

a virtual community following a seismic event. A parametric study was conducted to study the impacts of

several important parameters of the model under two scenario earthquake intensities. The possible addition

of new EMS medical center was also studied to find out the optimal locations and possible outcome. The

results show that the seismic magnitudes considerably affect the number of severely injured people needing

emergency medical assistance and at the same time, change the network connectivity. The proportion of

different bridge types has a great influence on the connectivity and total rescue time of the network. The

locations and number of the EMS medical centers affect the total rescue time notably since they impact the

accessibility of the EMS. The best location for a new EMS medical center is sensitive to the site-specific

vulnerability of infrastructure in the community and requires a case-by-case study to maximize the impact.

Although this study was demonstrated through an earthquake hazard, the proposed framework can also be

extended and applied to more diverse scenarios with different hazards or incidents.

This study is not free of limitations: (1) only full closure of bridges was considered and no special case

of limited passage such as by emergency vehicles on bridges was considered; (2) due to the scope limit,

EMS facility capacity reduction following hazards was not considered in this study. More realistic medical

service capacity variations of each individual medical center due to for example, medical infrastructure

damage or power outrage during earthquakes, can be considered in the future studies; (3) possible debris,

obstacles or damages on roads were reflected only on relatively lower driving speeds of all EMS vehicles,

which are the same throughout the whole network. With road-specific speed characterization with possible

debris, the EMS vehicle driving speeds may be adaptive to the specific disruption scenarios of the road in

the future studies; and (4) the proposed framework was demonstrated with limited damage states of
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infrastructures in a moderately sized community. For very large and complex community with higher

number of limit states, more efficient optimization algorithms may be required to maintain reasonable

computational efforts.
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CHAPTER 3 RESILIENCE MODELING AND PRE-HAZARD MITIGATION PLANNING OF
TRANSPORTATION NETWORK TO SUPPORT POST-EARTHQUAKE EMERGENCY MEDICAL
RESPONSEI1F?

3.1 Introduction

Earthquakes can cause traffic network disruption, extensive blacked-out traffic signals, considerable

dislocation trips, and numerous injuries. To avoid injury-transporting private vehicles jamming on few

routes on a first-come, first-served basis, existence of redundant routes is essential for transporting injured

people to hospitals in a timely manner. To save as many lives as possible, a resilient transportation network

with redundant paths between injured people and hospitals is crucial following major earthquakes. This

study aims to support the emergency medical response through improving system resilience with a focus

on redundancy by integrating post-hazard emergency response and pre-hazard mitigation planning

holistically.

First, a new methodology to quantify the resilience of transportation networks is developed with two

main contributions: incorporating infrastructure fragility, seismic uncertainty, search-and-rescue activity,

and life vitality decay of injured people to quantify the urgency of hospitalization trips; and introducing

equivalent resistance theory to model the redundancy of road networks. Second, the feasibility of

developing a resilience-based pre-hazard mitigation strategy of vulnerable infrastructures to proactively

support post-earthquake emergency medical response is investigated. A comparison with existing resilience

2 This chapter is adapted from a published paper by the author (Wu and Chen 2023a) with permission from

Elsevier.
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metrics is conducted to reveal the advantage of the proposed methodology. Shelby County, Tennessee, is

selected as the prototype community to demonstrate the proposed framework.

Aiming to address these challenges, this chapter will propose a new methodology that can reasonably

quantify the resilience of the realistic scenario following major hazards with a focus on network redundancy

and incorporate the seismic uncertainties using sampling methods efficiently. Meanwhile, it helps quantify

the urgency of transporting injured people by introducing the life vitality decay on linked edges. Inspired

by the effectiveness of pre-hazard planning and the vital importance and challenges associated with

emergency medical response following earthquakes, this study aims to tackle this problem with an

innovative concept by integrating both post-hazard emergency response and pre-hazard mitigation planning

holistically. Specifically, in addition to directly improving post-hazard emergency response efforts, the

proposed study will also investigate the feasibility of indirectly contributing to the post-hazard emergency

response efforts by proactively carrying out optimal pre-hazard mitigation planning of vulnerable

infrastructures.

The proposed holistic framework to improve post-hazard emergency medical response following

carthquakes will lead to a new and more realistic resilience performance assessment methodology and

proactive pre-hazard mitigation planning strategy of transportation networks. Specifically, the new

methodology will assess the resilience performance with a focus on the redundancy during the post-hazard

emergency response stage by considering the search-and-rescue (SAR) activity and emergency traffic

demand of the network with the following novel contributions: (1) the survival function of injured people

is incorporated to reflect the urgency of emergency medical service and quantify the life vitality decrease

on the way to hospitals; (2) uncertainties in the ground intensity and the bridge fragility are incorporated to
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provide an accurate resilience quantification of the system that includes sufficient and realistic

representation of possible scenarios; (3) the equivalent resistance theory originally developed in electrical

engineering is adopted here to quantify the full redundancy of the network, based on which a new resilience

performance index is introduced to evaluate the overall efficiency of the emergency medical response for

the community. Based on the new resilience metric developed from the proposed resilience assessment

methodology, the feasibility of conducting optimal pre-disaster mitigation planning through infrastructure

reinforcement is investigated with a heuristic algorithm. The proposed framework is demonstrated through

Shelby County in Tennessee as a part of earthquake-prone areas, followed by detailed parametric analyses.

3.2 Methodology

The emergency medical response following earthquakes in this study aims to (1) search-and-rescue

(SAR) the injured people trapped by damaged buildings, and (2) transport them to designated hospitals.

The proposed holistic resilience analysis and hazard mitigation framework include the following

components: firstly, ground motion attenuation theories are applied to obtain the ground intensities at the

sites of buildings and bridges, with which seismic fragility analyses of residential buildings, hospitals and

bridges in the region are conducted; secondly, the seismic fragility results are applied to estimate the rescue

demands such as the number of people in need of hospitalization and network functionality by considering

the degradation scenarios of the road network; thirdly, based on the equivalent resistance theory from

electrical engineering, a new system resilience indicator is proposed to simulate the functionality of the

post-hazard transportation system with a focus on redundancy; lastly, the feasibility of developing a pre-

hazard risk mitigation planning on bridge reinforcement with a limited budget is developed based on the
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new resilience index using the Genetic Algorithm. Fig. 3.1 summarizes the main parts of the proposed

methodology and Tables 3.1 and 3.2 present the lists of notation and acronyms used in this study.
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Figure 3.1 Flowchart of the proposed framework
Table 3.1 List of notations
Variables Description
a Additional time for rescue one more victim
A Array of reinforcement costs for different maintenance methods
Avg, Average household size of zone z

b Base time to rescue the first victim from the site
b¢ Population with injured severity a in zone z
b, Total budget for the pre-hazard bridge maintenance planning
C; Equivalent “conductivity” of node/zone i
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E Set of linked edges in a network
JiO) The SAR speed for zone i
F,(T) Site coefficient at period T

G Road network

H Epicenter depth

I Current

M Richter magnitude

N Number of sampled network damage scenarios
med; Median PGA value of damage state i
MP s Injured rate of severity a of building type [ with damage state ds
P g Probability of damage state ds of buildings type [

P(s) Probability of occurrence of network damage state s
P, Total number of households of zone z
q(l,s) Probability of occurrence (safe or fail) of link [ under state s
R Epicentral distance
r(i) Equivalent resistance between zone i and its designated hospital(s)

r(i,j,s) Equivalent resistance between zone i and its designated hospital j under state s
R(h,k,s) Integrated resistance of link (h, k) over time under damage scenario s
R'(h,k,t) Temporal resistance of link (h, k) at time t

SAgr Spectral acceleration for the bedrock
Sz Percentage of building type [ in zone z
S() Survival function of people severely injured by hazards
T Natural period of structure
Ty Time for all SAR operations being completed
T(h,k)  Travel time of link (h, k)
Nyic Number of victims rescued
% Voltage

Vi,V2 Electric potentials before and after a resistor

v1(i) SAR speed of trained and voluntary teams

v2(i) Self-rescue speed of injured people

v(i,t) SAR speed of alive people with injury severity 2 and 3 at node/zone i

VN Set of nodes/zones in a network
w; Weighting factor applied to individual node/zone i
Y Rescue time needed per dwelling unit by one SAR team
)¢y Zero-mean normal random variables
Bi, ¢ Dispersions of infrastructure damage state i
Q; Total number of severely injured people found and saved by SAR team for zone i
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Table 3.2 List of acronyms

Acronym
ISWF
2SWF

BR
EMS
MSC

MSSS

PA
PGA

RI

SA
SAR

SD
STD
TDP
WEC
WIP

Expansion
1-story wood frame
2-story wood frame
Bedrock
Emergency medical service
Multi-span continuous
Multi-span simple supported
Peak acceleration in bedrock
Peak ground acceleration
Resilience index
Spectral acceleration
Search-and-rescue
Spectral displacement
Standard deviation
Total daytime population
Weighted equivalent “conductivity”
Weighted independent pathway

3.2.1 Ground intensity

Ground intensity (e.g., peak ground acceleration) is often used to simulate the impact of an earthquake

on a given site as a function of the earthquake magnitude, epicentral distance, and depth of the earthquake

source. The peak acceleration (PA) and spectral acceleration (SA) for the bedrock (BR) can be derived by

the attenuation laws in terms of magnitude (M), epicentral distance (R), epicenter depth (H), and the natural

period (T) of the structures on site (Huo and Hwang 1996).

Ln(SAgg or PA) = f,(M,R, H,T) ) + & 3.1)

where PA is the peak acceleration for the bedrock; SAgg is the spectral acceleration for the bedrock;

f1 represents the function of seismic attenuation laws; & is a zero-mean normal random variable to

simulate the uncertainty of ground motion.
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For different site categories, the site coefficient F; is defined as:

In(K(T)) = f2(PAT) + & (3.2)

where F;(T) is the site coefficient at period T; f, represents the function of F;(T); T is the natural
period of structures on site. {f is a zero-mean normal random variable like ;. The peak ground
acceleration (PGA), spectral acceleration (SA) and spectral displacement (SD) for a given T are defined as

(Huo and Hwang 1996):

PGA = PA * F,(T) (3.3)
SA = SAgp * F,(T) (3.4)
SD = SA * (%)2 (3.5)

3.2.2 Seismic fragility

The seismic fragility of a given structure is used to describe the probability of a specific structural

failure type under a given earthquake intensity. It is usually presented as a function of seismic parameters,

e.g., PGA and SA. The failure in terms of a limit state is defined as an excess of the threshold value of a

performance indicator, such as stress, displacement, acceleration, etc. There are many sources of

uncertainties in the structural capacity and ground motions, which affect the seismic performance of

structures significantly. As a result, the seismic fragility of structures is usually presented with fragility

curve(s) with an assigned probability to describe the confidence level associated with the estimation of

vulnerability for each limit state. For bridges, typically, there are several different damage states: no or

slight damage, moderate damage, extensive damage, and complete damage (Nielson and DesRoches 2007;

Hazus 1997). The probability of each damage state is defined as:
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P[Damage State i or greater|PGA] = & [W]

% (3.6)

where med; is the median PGA value of the damage state i; @ is the standard normal cumulative
distribution function; {; is the dispersion of damage state i. According to the investigation results by
Padget and DesRoches (2007), a moderately or less damaged bridge maintains partial or full capacity to
carry traffic soon after the earthquake, while an extensively damaged or completely damaged bridge cannot
carry traffic within seven days after the earthquake. Therefore, only bridges and hospitals that have suffered
from extensive or more severe damages are deemed failed in this study based on the observation that the
emergency response stage is typically shorter than a week.

Similarly, there are several different damage states for buildings: no damage, slight damage, moderate
damage, extensive damage, and complete damage. Complete damage can be divided into two types: non-
collapsed complete damage and collapse. The probability of damage state i or greater is defined as (Hazus
1997):

SD

i —olLtm(2
P[Damage State i or greater|SD] = ® [ﬁi In (SDi)] (3.7)

where SD is the spectral displacement defined in Eq. (3.5); @ is the standard normal cumulative
distribution function; SD; is the median standard deviation value of damage state i; f; is the dispersion
of damage state i. The seismic fragility of typical residential buildings can be used to estimate the failure
rates of the buildings. Building failures are further related to the injured population, which will be

introduced in the next section.
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3.2.3 Estimation of injuries

According to Hazus (1997), the injured population of a community is related to the building damage
states, occupancy rate, and injured rate. The failure rate of buildings under a given earthquake can be
obtained through their seismic fragility performance as introduced in previous sections. Based on Egs. (3.1-
3.7), the injured population can be defined as:

by = X1 Xas Pz * Sz * Pras * Avgz * Migs (3.8)

where b¢ is the population with injured severity a in zone z; P, is the total number of households

of zone z; §;, is the percentage of building type [ in zone z; P, 4 is the probability of damage state

ds of buildings type l. Avg, is the average household size of zone z and My, is the injured rate of
severity a of building type ! with damage state ds.

According to Hazus (1997), there are four levels of injury severities: severity 1 means people are just
slightly injured and only need basic medical aid; severity 2 requires a greater degree of medical care but
might not be life-threatening; severity 3 is a life-threatening condition that calls for immediate medical
treatment; severity 4 is instantaneously killed or mortally injured. In this study, it is assumed that people
with severity 2 and 3 would need emergency medical service (EMS), including both search and rescue
(SAR) and transport. Those people who need immediate hospitalization are further divided into two groups:
unburied and buried. The unburied people are injured by non-collapsed building damages, and the buried
people are caused by building collapses.

3.2.4 Search-and-Rescue (SAR) operations
For the buried and unburied injuries, there are different search and rescue plans. According to the study

of the 1995 Hanshin-Awaji earthquake (Murakami et al. 2000), there were three groups of people carrying
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out the SAR: the trained rescue teams (e.g., fire department and police department), voluntary teams from
local inhabitants and self-rescue by unburied people. The fire department performs SAR operations with
professional skills and equipment. Voluntary teams use their own tools but have the highest number of
personnel. They are also the main rescue force during the emergency medical response stage. Studies show
that local inhabitants conducted almost 67% of the rescue during the SAR operation in Kobe City
(Murakami et al. 2000). People performing self-rescue are the ones injured in damaged buildings without
collapse so that they can walk or crawl out by themselves.

Among all the three groups, the self-rescued people usually have the highest rescue speed because they
do not need to remove any rubble to get out. For a heavily damaged building with impediments (e.g., broken
stairwell, fallen non-structural parts, injured occupants), the evacuation time for 100% of the occupants can
be around 30 minutes in the worst case (e.g., no external rescuing powers available) (Liu et al. 2016).
Trained and voluntary teams usually rescue the injured people from the collapsed buildings and are
relatively slow because they need to remove the rubbles to save the buried people. After investigating
around 1,900 cases of SAR operations, Murakami et al. (2000) estimated the SAR time using multiple
regression analyses and presented the SAR time as:

Y=any,.—1)+b (3.9)

where Y is the amount of time (in minutes) spent for the SAR of a housing unit; n,;. is the number

of victims rescued; b is the base time to rescue the first victim from the site; and a is the additional time
for rescue of the second, third, and more victims. Both b and a are parameters that differ with building
types (e.g., wooded detached, wooden apartment). Since Murakami et al. (2000) did not specify the rescue

power working on a unit, this study defines Yas the rescue time needed per dwelling unit by one SAR team.
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Also, the building size was not included in their research because b and a are parameters only related to

building types. So, this study assumes buildings of similar types have similar sizes. Due to the lack of site-

specific SAR data, this study will evenly distribute the trapped injuries (Eq. (3.8)) to the collapsed buildings

(Eq. (3.7)). When the building types, number of trapped injuries, and available SAR teams of a zone are

provided, the SAR speed of the area can be estimated with Eq. (3.9).

3.2.5 New system resilience index

3.2.5.1 Definition of resilience index

For those people who are severely injured (severity 2 and 3) from building damages, a timely SAR and
efficient transport are usually necessary. As introduced above, earthquakes can cause traffic network
degradation, extensive blacked-out traffic signals, and considerable emergency trips at the same time.
Compared to all hospitalization trips jammed on the shortest path, the existence of multiple alternative
routes can be more efficient. A new system resilience index is introduced to quantify transportation
resilience during the emergency medical response, focusing on network redundancy.

In an electric circuit, every resistor, whether series, parallel or compound, will impact the system
resistance. So, similar concept is applied in this study to simulate the full redundancy of the transportation
network. For severely injured people, any delay on the way to the hospital may cause their life vitality to
drop and impact their chances of survival. In this study, the loss of life vitality on the road is considered as
the “resistance to be saved”. If the resistance between an injured resident and the hospital is high, it is hard
for the resident to access the hospital quickly. The resilience index of the community is defined based on
the overall resistance of the transportation network. The resilience index is small if the “resistance” is large,

or the “conductivity” is small. Redundancy is reflected in the proposed resilience index because every
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alternative route, whether independent or not, is going to make a difference. The resilience index (RI) of
the system is defined as:

RI = WEC(G) (3.10)

where WEC(G) is the weighted equivalent “conductivity” (WEC) of the community.

Let G = (VN,E) denote the road network, where VN = {1,2,...n} isthe set of nodes that represent
major nodes/zones in a community and E = {1,2,...m} is the set of linked edges that represent roads
either without or with bridges. WEC(G) is defined as:

WEC(G) = Y™, wic; (3.11)

where w; (defined by Egs. (3.18-3.22)) is the weighting factor applied to individual node/zone i € V,
and c¢; (defined by Egs. (3.12-3.17)) is the equivalent “conductivity” of node/zone i, which is defined as:

¢ =— (3.12)

ler(i,j, s)P(s)ds, if hospital j works
r@=yn N .o . . (3.13)
J, 7 ),$)P(s)ds + [ r(,j',s)P(s)ds,  if hospital j fails

where r(i) is the equivalent resistance between zone i and its designated hospital(s). r(i,j,s) is
the equivalent resistance between zone i and its designated hospital j under state s, N is the number of
all sampled network damage scenarios after hazards, and j' is the collaborative hospital of j. If hospital
j is damaged in the earthquake, all the injured residents will be triaged to hospital j' upon arrival of
hospital of j. r(i) is the expected transportation performance index between the injured residents and
their hospitals that considers numerous possible network damage states caused by bridge damage and

hospital damage. P(s) is the probability of occurrence of state s:
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P(s) = Ilvieaq(l,s) (3.14)

where q(l,s) isthe probability of occurrence (safe or fail) of link [ under state s. In this study, only
extensive or severe damages of bridges may result in the failure of their links. For any network damage
state s, it is a combination of the bridge/link damage scenarios that represent a new network topology. The
seismic vulnerability of bridges will affect the conductivity of the network. If a bridge is robust to
earthquake, its link is more likely to stay intact under earthquakes, may become a segment of extra paths,
and contribute to network redundancy and resilience.
r(i,j,s) inEq. (3.13) is defined as:

T(i,j, s) = Feny adjacent h,keA(R(h: k, S)) (3.15)

where F_, is the function of calculating the equivalent resistance between two nodes in an arbitrary
network (Kagan 2015). In an electric circuit, the equivalent resistance concept can help evaluate the
contribution made by any component. Same concept is applied to traffic network to fully consider the
network redundancy that incorporates the effect of every single linked edge.

R(h, k,s) is the integrated resistance of link (h, k) over time under network damage state s, and it
is defined as

o0 if link(h, k) fails in state s
R(h, k,s) = { (3.16)

fOTO’ R'(h,k,t)dt if link(h, k) works in state s

where R'(h,k,t) is the temporal resistance of link (h, k) attime t, and T, is the time for all SAR
operations being completed. This study integrates R'(h,k,t) to get R(h,k,s) because a vehicle carrying
injured residents may drive through a link (h, k) at any time during the emergency medical response stage.

The integration can quantify the overall link resistance over the emergency medical response process.
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For any link (h, k), R'(h,k,t) is defined as:

R'(hk,t) = S(t) = S(t + T(h,k)) (3.17)
where T(h, k) is the travel time of link (h, k) and S(t) is the survival function of people severely
injured by hazards (e.g., building collapse, etc.).

In Eq. (3.17), S(t) is the survival function value/life vitality of the injured people when they enter
link (h,k). S (t + T(h, k)) is the survival function/life vitality of the injured people when they exit link
(h, k). So, the temporal resistance of link (h, k) is the life vitality drop on the link. This study defines it
as the resistance of injured people from being saved when they are transported through the link. To maintain
a minimum/satisfying current in an electrical circuit, a network of many parallel and low-value resistors
can significantly reduce the voltage requirement or the electric potential drop. Similarly, the existence of
multiple and short paths between injured people and their hospitals may considerably reduce the life vitality
drop on the way to hospitals, especially when there is a considerable amount of traffic made by post-hazard
dislocating residents and emergency response staff (Tamima and Chouinard 2016).

Table 3.3 shows the analogy between the R'(h, k,t) and an electrical resistor. In Table 3.3, just like
the electrical resistance being proportional to the electric potential difference/drop, the “resistance”
proposed in this study is proportional to the life vitality drop. In Table 3.3, V is voltage; I means current;
and V1 and V2 are the electric potentials before and after the resistor.

Table 3.3 Analogy between the temporal resistance and electric resistance

Electric resistance This study

%4

7= Resistance S(t) — S(t + T(h, k)) =R'(hk,t)
V=V1-V2

66



Fig. 3.2 shows the survival function of people severely injured in the earthquake (Edrissi et al. 2015).
The survival rate or life vitality index is 0.8 with injury in contrast to 1.0 for healthy people. The survival
rate decreases with time because of the lack of food and water and the worsening of injury if the injured
people are not rescued immediately.

R'(h, k,t) isthe survival rate change on link (h, k). When link travel time is very short compared to
maximum survival time of injured people, the curve between [t, t + T (h, k) + T(k, ...)] can be deemed as
a short straight line. That means the total “resistance” of two connecting road segments can be considered
as equal to the sum of their resistances if the link travel time is negligible as compared to the maximum
survival time. For a typical local transportation network, it only takes up to several minutes to drive through
a link between neighboring intersections. On the contrary, buried injured people may survive for hours to
days. Considering two different time scales, R'(h, k,t) has the property of electric resistance when in
series. However, R'(h,k,t) does not have the parallel property of electric resistance, especially for
minimal traffic when the shortest path controls. A redundant link can increase traffic efficiency and reduce
traffic stress for the real-life scenario introduced above. Although R’(h, k,t) of a redundant link does not
satisfy the parallel theory, it has the similar effect as an electric resistor. So, it is rational for this study to

adopt the equivalent resistance theory to quantify the network resilience.
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Figure 3.2 Survival function of injured people (Reproduced from Edrissi et al. 2015)

The weighting factor w; for zone i in Eq. (3.11) is defined based on the number of severely injured
people in the zone that are found and saved on site by the SAR teams. The more people are found and saved

in each zone, the more weight it has according to the definition. w; is therefore defined as:

I U
YaXzbg

w; (3.18)

where bZ is the population with injured severity a in community z derived in Eq. (3.8). Q; is the
total number of severely injured people that are found and saved by the rescue team on site for zone i,
which can be obtained from Eq. (3.19):

Q; = [)°v(i, t)dt (3.19)

where v(i,t) isthe SAR speed of alive people with injury severity 2 and 3 at node/zone i.

v(i,t) = £(D).S(t) (3.20)

where S(t) is the survival function of people severely injured by the hazard. The SAR speed for zone
i, f(i) ,is defined as:

f@ =v1) +v23) (3.21)
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where v1(i) isthe SAR speed of trained and voluntary teams; v2(i) is the self-rescue speed. v1(i)
can be derived by Eq. (3.9) when the building types, number of victims, and available SAR teams are
provided.

Combining Eqgs. (3.18)-(3.20), the weighting factor of zone i can be derived as:

_lor@.sar

LT Baabg (3.22)

3.2.5.2 Comparison with existing studies

The main difference between WEC and existing studies is the consideration of network redundancy,
and it is helpful to evaluate the proposed WEC approach by comparing with other state-of-the-art models.
Two popular models from existing studies are selected for comparison: traditional connectivity theory with
shortest path as the index (Wu and Chen 2019; Day 2014; Edrissi et al. 2015) and the weighted independent
pathway (WIP) with the number of independent pathways as the index (Ip and Wang 2011; Zhang and
Wang 2016). Fig. 3.3 shows a simple example with three different networks for comparison purposes.
Compared to network (a), network (b) has an extra link AB,. Compared to network (b), network (c) has an
extra link BC,. A comparative analysis of these three networks based on the connectivity theory, weighted
independent pathway (WIP), and the proposed WEC is conducted to evaluate the performance indexes
between nodes A and C with results presented in Table 3.4. As shown in Table 3.4, t p; and tpcq are the
travel time between AB and BC in network (a), respectively; rA(g), rA(g) and TA(E) are the equivalent
resistance between A and C for networks (a), (b) and (¢), respectively. Table 3.4 suggests the connectivity
theory cannot consider network redundancy since the performance indexes are the same for all the three

networks. The WIP theory can tell the difference between network (a) and network (c), but not the one

between network (a) and network (b). So, it can only consider partial network redundancy. Based on Section
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a

3.2.5.1, we can tell 7. ©

) > rg) > 1, . When comparing network (a) and network (b), the extra link AB,
does make a difference and can improve the network resilience, especially when there is considerable traffic,
as introduced above. So, the proposed WEC model with equivalent resistance as the index provides a new
way to consider network resilience with superior performance in terms of modeling redundancy than the
other two popular approaches.

Although the proposed resilience index is a new way to consider network resilience during post-
earthquake emergency medical response with unique advantages over existing methodologies, it can also
be treated as a more general case which can be reduced to traditional connectivity in some circumstances.
In the case of the network in Fig. 3.3(a), the WEC will become a connectivity-based variable because there
is no extra redundancy. A similar situation is when all road segments fail in the network. The methodology
will remain the same as the connectivity-based one until redundant routes between zones and hospitals start

showing up.

(b) (©)

Figure 3.3 Comparison networks

~
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Table 3.4 Comparison of existing models based on Fig. 3.3

Models Index description Network (a) | Network (b) | Network (c)
Connectivit Shortest path (t,,,;, for connected, co for o4t A b4t
A%
y disconnected) AB1 T lBC1 AB1 T UBC1 AB1 T lBC1
WIP Number of independent pathways 1 1 2
WEC Equivalent resistance rA(g ) rA(g ) TA(?

3.2.6 Pre-hazard bridge reinforcement planning

After major earthquakes, transportation degradation and emergency medical response happen at the

same time. A well-functioning transportation network can increase efficiency of post-earthquake

emergency medical response and enhance the accessibility to medical resources. Based on the definition of

the proposed WEC resilience index in Section 3.2.5, if there are multiple short routes for every zone to

access its designated hospital(s), the transportation network is deemed resilient. To improve the resilience

of the transportation network, it is significant that as many vulnerable links are intact as possible. Since

bridge damage is the only cause of a failed linked edge in this study, the robustness of bridges is important

to transportation resilience during the post-earthquake emergency medical response. So, it is essential to

reinforce the vulnerable bridges proactively before the hazard to reduce their failure probability, and in turn

boost the system resilience during the post-hazard emergency response stage. There could be several

possible restrictions for pre-hazard bridge reinforcement planning, among which a popular one is the limited

available resources or budget. This study will explore the optimal pre-hazard bridge reinforcement plan

with the proposed resilience index under limited budget, which is demonstrated under a specific earthquake

scenario.

Given the limited resources available, it is apparently not practical to strengthen all vulnerable bridges

during the pre-hazard mitigation planning stage in the foreseeable future. Instead, reinforcement planning
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needs to be developed to prioritize the bridge strengthening efforts and enumerate the reinforcement cost.
A sensible strengthening plan should consider both the importance of the bridge to the transportation
network and the reinforcement cost and outcome. In this study, we will optimize the pre-hazard bridge
reinforcement plan based on the resilience index as proposed above. A detailed bridge deterioration case
will be assumed according to the real-world data, and the effect of the reinforcement on the bridges in terms
of seismic fragility is predictable and quantifiable (Padgett et al. 2010). When applying the resource
limitations, the optimal bridge reinforcement plan can be developed through the following optimization:

Objective: Max (RI) (3.23)

Subjected to: A *x < b, (3.24)

where RI is the resilience index as defined in Eq. (3.10). A is the array of reinforcement costs for
different maintenance methods; x is a binary array (either 0 or 1) to imply if bridge i is going to be
strengthened (x; = 1) or not (x; = 0); b; is the total budget for the pre-hazard bridge maintenance
planning.
3.3 Demonstrative study
3.3.1 Shelby County

Shelby County in Tennessee is one of the typical earthquake-prone zones in the central and eastern
United States. There are 37 zip codes in Shelby County, and the demographics of each zip code area are
available at U.S. Census Bureau (Figs. 3.4-3.5). This study does not consider zip codes 38054, 38058,
38131, and 38132 because they are not deemed residential communities (e.g., P.O. box, local airport). The

residential buildings in Shelby County are largely 1-2 story wood frames (Steelman & Hajjar 2008), and
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the information for the zip codes is shown in Table 3.5. To balance the modeling details and complexness,

the intersections of the main road network are considered as a single node/ zone (Fig. 3.6) and the main

road network is composed of 78 nodes and 115 links. The demographic data of each zip code are evenly

distributed to the nodes within the corresponding area. Among all the links, it is assumed 31 of them have

bridges classified into five different types: multi-span continuous (MSC) concrete, MSC slab, MSC steel

girder bridges, multi-span simple supported (MSSS) concrete girder, and MSSS steel girder bridges (Fig.

3.7).

In this study, it is assumed only bridges suffering extensive and complete damages (Eq. (3.6)) may

cause the failures of links since less severe damages usually do not cause extended bridge closure in practice.

31 out of 115 links are, therefore, vulnerable to earthquakes due to the existence of bridges (B/-B31) on

these links (marked with symbols in Fig. 3.7). The hospitals are treated as special building structures with

high-code seismic levels (Hazus 1997), and they will lose functionality if suffering extensive or higher

structural damage states. According to Hassan and Mahmoud (2019), there are about 30 factors affecting

the functionality of hospitals, including staff availability, elevator/stair functionality, water and power

facilities’ functionality, transportation performance, and ambulance availability, etc. When assessing the

functionality of hospitals, this study only focuses on the functionality of hospital buildings without

considering other factors. It is assumed all hospitals are one-story buildings, have enough backup resources

and supplies, and are fully staffed. The geographic information of the nodes and bridges is available through

Google Maps and ArcGIS, and all the nodal and bridge information is presented in Tables 3.6-3.7.

Considering that residents may prefer close-by hospitals in case of emergency, each node is assigned one

primary hospital for emergency medical response based on distance. Every primary hospital has its
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collaborative hospital for triage purposes in case of extensive structural damages. Following major
earthquakes, for the prototype network as an example, at least thousands of injured residents may need
prompt hospitalization, while the number of emergency medical service vehicles is typically limited. As a
result, the transportation efficiency would become poor and many injured residents would die from lacking
timely medical treatment, highlighting the critical importance of effective emergency medical response

following earthquakes.

0123458678
Ll Miles

Figure 3.4 Main Road network and emergency hospitals of Shelby County
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Figure 3.5 Zip code border of Shelby County

Table 3.5 Zip code information of Shelby County

Zip codes TDP! Avg? Households Hospitals 1 story %° 2 story%*

38002 25802 1.84 14053 0.388 0.612
38016 33445 1.78 18801 0.461 0.539
38017 48012  2.67 17980 1 0.503 0.497
38018 29209 2.04 14317 0.553 0.447
38028 4696  1.77 2646 0.638 0.362
38053 23981 2.29 10490 0.492 0.508
38103 35566  5.08 7005 1 0.554 0.446
38104 37758  3.02 12517 3 0.403 0.597
38105 17336  6.48 2676 3 0.437 0.563
38106 28019  2.69 10429 0.446 0.554
38107 15159 2.14 7073 0.406 0.594
38108 19164 2.85 6729 0.667 0.333
38109 43959  2.59 16989 0.628 0.372
38111 38634 2.16 17860 0.478 0.522
38112 18764  2.75 6826 0.393 0.607
38114 25507 2.4 10624 0.403 0.597
38115 37249 232 16053 0.472 0.528
38116 43802 2.96 14793 1 0.659 0.341
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38117 37887 3.15 12029 0.376 0.624

38118 101321 7.21 14062 1 0.369 0.631
38119 28514 2.83 10065 1 0.432 0.568
38120 42874  6.28 6827 2 0.516 0.484
38122 23456  2.34 10044 0.535 0.465
38125 33446  2.27 14722 0.571 0.429
38126 10891 4.18 2607 0.492 0.508
38127 35673 233 15320 0.584 0.416
38128 35595 2.21 16080 1 0.453 0.547
38133 35919 4.67 7689 1 0.630 0.370
38134 42981 2.86 15053 0.522 0.478
38135 18557 1.66 11170 1 0.450 0.550
38138 34024  3.37 10082 1 0.608 0.392
38139 10335 1.84 5629 0.374 0.626
38141 19847  2.58 7678 0.681 0.319

Note: 'TDP means total daytime population, including daytime workers and daytime residents; 2Avg
means average daily household size; 1 story % and *2 story % are the assumed percentages of 1 story

buildings and 2 story buildings in the zip code area, respectively.

0123456738
b1 I Miles

Figure 3.6 Nodes/ zones distribution of Shelby County
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: MSC Slab Bridge

: MSC Steel Bridge

: MSSS Concrete Bridge
: MSSS Steel Bridge

Figure 3.7 Bridge locations and types of Shelby County

Table 3.6 Node/ Zone information

Nodes Latitude  Longitude #HP' CP?> AP3> HH* Soil® #TT® #VT’
1 35.343022 -89.788899 65 3513 D 0 1
2 35.308079 -89.822665 65 2098 D 0 1
3 35.288887 -89.686639 65 3513 D 0 1
4 35.2561  -89.676892 55 3513 D 0 1
5 35.210145 -89.653792 55 3513 D 0 1
6 35.158731 -89.694493 54 1323 D 0 1
7 35.195068 -89.792187 70 9401 D 0 2
8 35.20436  -89.77236 70 2563 D 0 1
9 35.156498 -89.774194 54 9401 D 0 2
10 35.156446 -89.638166 54 3596 D 0 1
11 35.044817 -89.637635 12 3596 D 0 1
12 35.046272 -89.689285 1 55 12 3596 D 0 1
13 35.033613 -89.689272 12 3596 D 0 1
14 35.020894 -89.689143 12 3596 D 0 1
15 35.157881 -89.794974 55 14317 D 1 1
16 35.211229 -89.63495 55 1323 D 0 1
17 35.332123 -90.015529 24 2098 E 0 1
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18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58

35.34534
35.331266
35.319164
35.153188
35.137466
35.130376
35.155747
35.151606
35.124652

35.10264
35.103061
35.071525
35.158338
35.182929

35.07939
35.020647
35.124294
35.131173
35.133559
35.135243
35.079982
35.080578
35.133766
35.150891
35.158259
35.108035
35.057674
35.021095
35.020989
35.131269

35.11449
35.057248
35.021407
35.020528
35.052222
35.084536
35.101952
35.130947
35.171825
35.149089
35.152387

-89.906004
-89.920981
-89.873442
-90.059146
-90.024084
-90.023955
-90.037473
-90.040735
-90.054897
-90.029534
-90.019985
-90.023332
-90.020242
-89.932609
-90.057321
-90.08822
-90.067707
-89.956728
-89.956127
-89.968143
-89.930549
-89.955869
-89.984064
-89.98136
-89.980416
-89.98827
-89.833646
-90.025306
-90.002561
-89.901452
-89.901795
-89.932866
-89.937372
-89.898062
-89.812832
-89.878106
-89.870081
-89.867721
-89.943552
-89.927158
-89.884629

22

25
25

22

22

55
55

25
25
65
24
22
22
24
25
22
22
22
45
25
25
45
45
22
22
22
22
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59  35.037425 -89.795708 74 7361 D 1 1
60  35.020556 -89.795966 12 7361 D 0 1
61 35.142383 -90.051141 25 2607 D 0 1
62  35.236202 -90.014406 24 5107 E 0 1
63  35.199458 -90.034662 24 5107 E 1 1
64  35.191005 -90.016037 25 5107 E 0 1
65  35.235393 -89.895316 65 65 4020 D 0 2
66  35.205276 -89.923297 65 4020 E 0 2
67  35.192791 -89.926172 25 4020 E 1 1
68  35.205485 -89.834333 70 11170 D 1 1
69  35.237388 -89.793563 70 2563 D 0 1
70 35.204362 -89.791932 65 70 2563 D 0 1
71 35.204642 -89.867163 65 3763 D 0 1
72 35.180442 -89.860168 55 3763 D 0 2
73 35.168234 -89.85416 55 3763 D 0 2
74 35.093018 -89.808541 55 74 10082 D 0 2
75  35.075809 -89.774767 74 5629 D 0 1
76 34.994567 -89.84841 49 7678 D 0 1
77  35.207011 -89.894558 65 4020 D 0 1
78  35.169095 -89.90233 55 3763 D 0 1

Note: '#HP stands for the number of hospitals in the zone; 2CP represents location of the collaborative
hospital; *AP means the locations of assigned hospitals for the zone; “HH is the number of households in
the zone; *Soil defines the seismic site class (D for stiff soil, and E for soft clay soil) of the zone (Fig. 3.8);
S4TT is the number of trained rescue teams in the zone; "#VT refers to the number of voluntary rescue teams

in the zone.
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Figure 3.8 Soil Classification in Shelby County (reproduced from Huo & Hwang 1996)

Table 3.7 Bridge types and geographic information

# Linked edges  Bridge type Latitude  Longitude
1 (2,3) MSC concrete  35.310937 -89.744193
2 4,5) MSC slab 35.233253 -89.659217
3 (4,8) MSC steel 35.246915 -89.695855
4 (11,12) MSSS concrete  35.045511 -89.662113
5 (9,15) MSSS steel 35.156043 -89.776514
6 (19,20) MSC concrete  35.314482 -89.865053
7 (21,24) MSC slab 35.153178  -90.05445
8 (23,27) MSC steel 35.123137 -90.025811
9 (24,30) MSSS concrete  35.155959 -90.042432
10 (32,33) MSSS steel 35.054171 -90.060664
11 (22,40) MSC concrete  35.135788 -90.005511
12 (30,41) MSC slab 35.15393  -90.01548
13 (30,42) MSC steel 35.158315 -90.014235
14 (23,43) MSSS concrete  35.1226  -90.010316
15 (33,45) MSSS steel 35.021105 -90.062014
16 (36,47) MSC concrete  35.13159  -89.920537
17 (39,49) MSC slab 35.06855 -89.944091
18 (46,50) MSC steel 35.021045 -89.973089
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19 (49,51) MSSS concrete  35.046231 -89.920253
20 (44,53) MSSS steel 35.07499 -89.861721
21 (53,54) MSC concrete  35.089844 -89.870991
22 (42,56) MSC slab 35.160008 -89.963941
23 (13,59) MSC steel 35.030062 -89.711567
24 (17,62) MSSS concrete  35.288598 -90.023812
25 (24,63) MSSS steel 35.215395 -90.031278
26 (30,64) MSC concrete  35.196909 -90.023514
27 (3,69) MSC steel 35.273335 -89.704086
28 (68,72) MSSS concrete  35.187827 -89.852946
29 (7,73) MSSS steel 35.176214 -89.834316
30 (54,74) MSC concrete  35.100944 -89.854158
31 (67,78) MSC slab 35.175003 -89.906512

3.3.2 Data Analysis

With Egs. (3.1-3.6), peak ground acceleration, spectral acceleration and spectral displacement can be

estimated from seismic attenuation laws. Huo and Hwang (1996) and Hwang et al. (1997) derived the

seismic attenuation law for Memphis and Shelby County area, which can be applied to earthquakes with

magnitudes M (5.0-7.5) and epicentral distances R (5-200km). Their seismic attenuation law is adopted

here to derive the spectral acceleration and peak ground acceleration at the sites of the infrastructures:

Ln(SAgg or PA) = C1 + C2M + C3Ln[VRZ + H? + 0.06e%™M] + C4vVR? + H? (3.25)
Ln[F;(T)] = C5(T)PA + C6(T) (3.26)

where C1, C2, C3, C4, C5, and C6 are the parameters from regression analyses. Their values for
the 1-story wood frame (1SWF), 2-story wood frame (2SWF), peak acceleration (PA) in the bedrock, and
different soil types, and the values of the standard deviations (STD) of Ln(SAgg) and Ln[F,(T)] are
presented in Tables 3.8(a)-3.8(b). Based on the study by Hafeez et al. (2018), this study selected 0.1 seconds

and 0.2 seconds as the natural periods of 1-story wood frame and 2-story wood frame, respectively.
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Table 3.8 Regression parameters

Table 3.8(a) Regression parameters 1 (Huo & Hwuang 1996)

C1 C2 C3 Cc4 STD (Ln(SAggr))
1-story wood frame -2.312 0.924 -1.233 -0.00317 0.311
2-story wood frame -2.968 0.952 -1.219 -0.0024 0.326
PA in the bedrock -2.904 0.926 -1.271 -0.00302 0.309

Table 3.8(b) Regression parameters 2 (Huang et al. 1997)

Soil Type  C5 C6  STD (Ln(F,(T)))

o i D -4038 1.046 0.533
- am
SOLYWOORHAme g 4457 1112 0.427
. i D 2741 1226 0.393
- am
SOy WOOGHame g 3239 1462 0.374
D 2075 1.001 0.323
PGA
E 3014 1.187 0.273

For Egs. (3.6-3.7), the seismic fragility parameters of bridges (Nielson & DesRoches 2007), hospitals,
and wood frame buildings (Hazus 1997) are presented in Table 3.9 (a-b). Table 3.9(c) shows the indoor

casualty rates (Eq. (3.8)) of wood-frame buildings for different damage states (Hazus 1997).
Table 3.9 Fragility and casualty information

Table 3.9(a) Median and dispersion values for seismic fragility of bridges and hospitals

Bridge Class  Extensive med; Dispersion {;

MSC concrete 0.75 0.7
MSC slab 0.78 0.7
MSC steel 0.39 0.55
MSSS concrete 0.83 0.65
MSSS steel 0.56 0.5
Hospitals 1.76 0.64
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Table 3.9(b) Median and dispersion values for seismic fragility of buildings (inch)

Slight Moderate Extensive Complete
Median Beta Median Beta Median Beta Median Beta
1 story 0.5 0.8 1.51 0.81 504 0.85 126 097
2story 086 0.81 259 088 8.64 0.9 21.6  0.83

Table 3.9(c) Casualty rates of severity 2 and 3 for all building damage states

Slight Moderate Extensive No collapse Collapse*

S2 (%) S3(%) S2(%) S3(%) S2(%) S3(%) S2(%) S3(%) S2(%) S3 (%)
1 story 0 0 0.03 0 0.1 0.001 1 0.01 20 3
2 story 0 0 0.025 0 0.1 0.001 1 0.01 20 5

*No collapse and collapse are two subtypes of damage state “complete” and collapse rate is 3% of all

the complete damage 1-2 story wood frame buildings (Hazus 1997).

Like voluntary SAR teams, it is assumed in this study that enough self-organized and voluntary staff,

e.g., neighbors and roommates, will help send the injured residents to designated hospitals. To be

conservative, it is assumed all the self-rescue activities are completed within 1 hour after the earthquake

according to Liu et al. (2016), and the parameters of Eq. (3.9) are listed in Table 3.10 (Murakami et al.

2000). According to the demographics of Shelby County (Census profile 2018), 70% of the units are single-

family houses (wooden detached). Assuming the buried injuries are evenly distributed among all collapsed

units, the weighted SAR speed for the buried cases can be derived with the results summarized in Table

3.10.

Table 3.10 Parameters of SAR Speed (Murakami et al. 2000)
Wooden detached Wooden apartment Weighted
slope, a 19.2 259 21.21
constant, b 83.4 93.9 86.55
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3.3.3 Results

Two scenario earthquakes are studied here with Richter magnitude of 7.0 and 7.5, respectively. Both
have the same hypocenter, which is 10km deep with longitude and latitude of -89.940678 and 35.107757,
respectively. The survival function is defined as S(t) = 0.8e 000015t following the study by Edrissi et
al. (2015). To consider uncertainties, Monte Carlo simulation is employed to model the failure scenarios of
the bridges for 1,000,000 times. Dijkstra's algorithm (Dijsktra 1959) and equivalent resistant theory (Kagan
2015) are applied to solve the system's graph theory problem and equivalent resistances. The simulation is
conducted using Matlab 2020 with a personal computer (processor of 3.2GHz and 16GB RAM).

The results from Egs. (3.8) and (3.18) are plotted in Figs. 3.9-3.10, showing the comparison results
between the numbers of injured people and rescued people of each node/zone under M7.0 and M7.5
carthquakes respectively. It is found that some nodes have high rescue rates because they have more trained
rescue teams and/or voluntary teams as compared to their collapsed buildings and injured populations. The
others have low rescue rates due to the lack of enough rescuing resources. With Eq. (3.10), the system
resilience indexes at M7.0 and M7.5 are calculated, which are 60.4446 and 48.917, respectively. The
resilience index of M7.5 is lower than that of M7.0, which corroborates existing findings (e.g., Zhang and
Wang 2016) and common understanding. Compared to M7.5, fewer bridges would fail at M7.0. When more
roads are intact, the transportation network apparently has a higher redundancy level leading to higher

resilience indexes at M7.0.
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Figure 3.10 Number of injured people and rescued people when M=7.5

Fig. 3.11 illustrates the comparison between the conductivity of nodes to their designated hospitals for
two different earthquake magnitudes. As defined in Eq. (3.12), “conductivity” is the reciprocal of a node’s
equivalent “resistance” to its designated hospitals. Higher conductivity means lower resistance and easier
access to hospitals. The conductivity of M7.0 is higher than that of M7.5 for most nodes, which is caused
by the significantly increased failure rates of various bridges and the reduced redundancy level of the

network caused by more bridge failures when the Richter Magnitude is 7.5. Nodes 17 and 33 have the
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lowest conductivities because the only link (17, 62) between node 17 and the rest part of the community
was vulnerable to earthquakes (Figs. 3.6-3.7); similarly, both links (32, 33) (33, 45) connecting node 33 to
the rest of the community were susceptible to earthquakes. Nodes 3 and 4 had low conductivities under
M?7.5 because they were isolated by vulnerable links (2, 3), (3, 69), (4, 5), and (4, 8), which had relatively
high failure probabilities under M7.5. All these nodes with low conductivities share the same characteristics:
they either don’t have alternative independent routes to hospitals, or all the routes to hospitals are vulnerable

to earthquakes. Such phenomenon corroborates the findings by Zhang and Wang (2016).

250

T I
mmM7.0

mM7.5

200 |

150 |

100 L

Conductivity to hospitals

50 L

3 6 9 12 15 18 21 24 27 30 33 36 39 42 45 48 51 54 57 60 63 66 69 72 75 78
Nodes

o

Figure 3.11 Conductivity of nodes to their designated hospitals

Fig. 3.12 presents the number of total injured and rescued people of the community varying with the
Richter magnitude to study the impacts of earthquake intensity. It is found that the number of injured people
increases with the increase of the magnitude considerably, and the ratio of the rescued population to the
injured population gets smaller when the Richter magnitude increases. It may be caused by the fact that the
professionally trained and voluntary teams remained the same in this study while the collapsed buildings

and injured population increased with the magnitude. It usually takes longer time for the rescue team to
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reach the increased number of trapped residents when the earthquake magnitude increases. As a result,
many people cannot stay alive long enough to be searched and rescued. To study the relationship between
the resilience index and the magnitude of earthquakes, a wide range of earthquake magnitudes are studied
under which the corresponding network resilience indexes are calculated as shown in Fig. 3.13. It is found
from Fig. 3.13 that the resilience index decreases quickly in lower Richter magnitudes and then only vary

slowly when Richter magnitudes are between M7.0 to M8.0.
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Figure 3.12 Community total injured and rescued population as a function of magnitude
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Figure 3.13 Resilience index as a function of magnitude

87



3.4 Feasibility study of developing optimal pre-hazard bridge reinforcement plan

In this section, the feasibility study of developing optimal pre-hazard bridge reinforcement plan is

conducted. Given the high diversity of bridges between regions and site-specific hazard and infrastructure

characteristics, some assumptions need to be made to avoid losing generality. To demonstrate a more

general scenario, all bridges in this study are assumed not specifically designed against earthquakes, so that

typical bridge seismic fragility and reinforcement data can be applied as reliable generic data source. In

other words, these bridges just followed typical national bridge design guidelines like most regions in the

country without following special and elevated local seismic design guidelines. As shown in Fig. 3.7, there

are 31 vulnerable links in the network. Due to the limited bridge maintenance data for multi-span continuous

slab bridges and their relatively high seismic robustness according to Table 3.9(a), it is assumed MSC slab

bridges don’t need reinforcement in this study and the rest 25 groups of bridges will be considered in the

reinforcement plan. Padgett and DesRoches (2009) studied the effects of five retrofit methods on the

seismic fragility of different bridge types. These methods include full height circular steel jackets to

strengthen bridge columns, steel restrainer cables to carry half of the weight of the superstructure,

elastomeric isolation bearings to increase the fundamental period in bridge longitudinal direction, transverse

shear keys to limit the force transferred to the columns, and seat extenders to provide extra support beyond

the bent beam. They concluded the effect of each retrofit method on the seismic fragility of every bridge

type as a modification factor for median PGA (med;) shown in Table 3.9(a) (Padgett and DesRoches 2009).

For the different bridge reinforcement methods introduced above, Padgett et al. (2010) also investigated the

corresponding costs of all reinforcement methods. Due to the lack of more site-specific data in the studied

network, the published data by Padgett and DesRoches (2009) and Padgett et al. (2010) will be used to
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demonstrate the feasibility of developing optimal pre-hazard bridge performance reinforcement plan.

Although these data may not exactly represent the specific scenarios in the prototype area, the publicly

accessible data is believed to be general and transparent enough for anyone to repeat the results and follow

the proposed methodology with their available site-specific data.

Table 3.11 lists the abbreviated names of different retrofit methods, their maintenance costs, and

reinforcement effects on the bridge fragilities derived from Padgett and DesRoches (2009) and Padgett et

al. (2010). Due to the lack of site-specific information, these retrofit plans are randomly assigned to different

bridge groups in the prototype region for demonstration purposes. As shown in Table 3.11, the total cost to

strengthen all bridges is $1,537,308.3. For demonstration purposes, the available budget is set to be

$750,000, and the hazard mitigation planning is based on an earthquake with Richter Magnitude of 7.5. The

pre-earthquake risk mitigation planning is optimized using the Genetic Algorithm based on Egs. (3.23-3.24).

After repeated calibration experiments, the algorithm parameters are selected as: population size=150,

maximum generation=150, crossover rate=0.7, and mutation rate=0.04. The results show when bridge

groups 4, 6, 8-11, 15, 18, 24, 26, and 28-29 are repaired, the system has the maximum resilience index of

49.34 at a total cost of $716,599. Twelve groups of bridges are strengthened, most of which are located

around the hospitals, e.g., Bridges 8, 9, and 10. Apparently, it is found the reinforcement of these bridges

will significantly increase the accessibility to medical resources and the network redundancy. The rest six

groups of bridges are on the critical links between some nodes and their designated hospital(s). For example,

Bridge 24 is on the link (17, 62), which is the only link connecting node 17 and the rest of the community.

The reinforcement of Bridge 28 can increase the accessibility of the “isolated” nodes 3 and 4 to hospitals

(Figs. 3.6-3.7).
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Table 3.11 Bridge retrofit costs and effects

Bridges Link  Need retrofit? Suggest retrofit Cost$§  MF1*
1 (2,3) Yes steel column jacket 108000 1.17
2 (4,5) No 0 0 1
3 (4,8) Yes steel column jacket 108000 1.14
4 (11,12) Yes steel column jacket 108000 1.33
5 (9,15) Yes steel column jacket 108000 1.07
6 (19,20) Yes elastomeric isolation bearing 65736 1.21
7 (21,24) No 0 0 1
8 (23,27) Yes elastomeric isolation bearing 104938.95  1.27
9 (24,30) Yes elastomeric isolation bearing 4295535  1.05
10 (32,33) Yes elastomeric isolation bearing  60923.85  1.37
11 (22,40) Yes steel restrainer cable 33840 1.01
12 (30,41) No 0 0 1
13 (30,42) Yes steel restrainer cable 33840 1.11
14 (23,43) Yes steel restrainer cable 33840 1.1
15 (33,45) Yes steel restrainer cable 33840 1.04
16 (36,47) Yes transverse shear key 69750 0.99
17 (39,49) No 0 0 1
18 (46,50) Yes transverse shear key 69750 1.13
19 (49,51) Yes transverse shear key 69750 0.92

20 (44,53) Yes transverse shear key 69750 0.98
21 (53,54) Yes seat extender 27000 1
22 (42,56) No 0 0 1
23 (13,59) Yes seat extender 27000 1
24 (17,62) Yes seat extender 27000 1.02
25 (24,63) Yes seat extender 27000 1
26 (30,64) Yes elastomeric isolation bearing 65736 1.21
27 (3,69) Yes elastomeric isolation bearing 104938.95  1.27
28 (68,72) Yes elastomeric isolation bearing 4295535  1.05
29 (7,73) Yes elastomeric isolation bearing  60923.85  1.37
30 (54,74) Yes steel restrainer cable 33840 1.01
31 (67,78) No 0 0 1

Note: *MF1 means modification factors for med; when calculating extensive damage rate with Eq.
(3.6).
Fig. 3.14 outlines the resilience index as a function of the reinforcement budget to investigate the effect

of available budget on the system resilience index. It shows the resilience index increases fast with the
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available reinforcement budget when the budget level remains low and becomes stable when the

reinforcement budget further increases. Since the most important links for the network are to be reinforced

first, the reinforcement is found to greatly increase the resilience index even with relatively low total budget

levels. The resilience index peaks before the reinforcement budget reaches the total cost to strengthen all

the bridges, which is $1,537,308.3. There are two reasons for this phenomenon: (1) some retrofit methods

don’t have obvious positive impacts or even have adverse impacts on the bridge seismic fragilities as shown

in Table 3.11 (Padgett and DesRoches 2009); (2) some bridges, such as bridge group 6, locate on relatively

insignificant links in terms of emergency medical services and the reinforcements on those groups only

have trivial impacts on the network performance. Since the reinforcement budget is commonly insufficient,

the tradeoffs will be made between the available budget and the desired RI to achieve by the stakeholders.

The results suggest that the pre-hazard bridge reinforcement is an effective mitigation measure to increase

the network resilience effectively and proactively in terms of emergency medical response. The specific

results, apparently, depend on more site-specific traffic network, bridge inventories and fragility

performance data against earthquakes. From the demonstrative study shown above, it is found feasible and

promising to use the proposed framework to provide quantitative measures to assist stakeholders to make

more informed decisions including proactive pre-hazard mitigation to support emergency medical response.
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Figure 3.14 Resilience index as a function of reinforcement budget

3.5 Conclusion

The emergency medical response is very critical following disastrous hazards, like earthquakes. A

holistic methodology to assess the resilience performance of a transportation network and further conduct

pre-hazard mitigation planning was developed from the post-earthquake emergency response perspective.

To quantify the number and locations of residents who may need emergency medical services and possible

damage scenarios of the links, the seismic fragility information of infrastructure and the Monte Carlo

Sampling method were applied in the model to incorporate essential uncertainties. This study introduced a

new resilience performance indicator to evaluate the efficiency and full redundancy of the transportation

network, as well as the overall performance of the emergency medical response of the whole community.

The incorporation of uncertainties into the road damage states made the resilience performance modeling

more realistic and reliable. The resilience index is used to develop effective pre-hazard bridge reinforcement

and improvement plans, given the limited monetary budget and constantly increasing reinforcement costs.

Finally, the proposed methodology was demonstrated in a real-world community-Shelby County,
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Tennessee, representing a typical earthquake-prone area in the United States. A parametric study was

conducted to investigate the impacts of Richter magnitude on the injured population, saved population, and

resilience index. The pre-hazard bridge strengthening planning was optimized based on the resilience index

given the detailed budget information. The results show that the Richter magnitude considerably affects the

number of injured people who may need immediate hospitalization, the number of people that can be saved,

and network redundancy. As a result, the seismic magnitude has a notable influence on the conductivity

between different zones and their designated hospitals and the overall performance of the emergency

medical response.

This study introduced a new approach to consider the full redundancy when quantifying the resilience

performance of transportation networks during the emergency medical response. Also, it considered the life

vitality loss of injured people when transporting them to hospitals. In practice, the methodology can be

implemented to support future emergency medical response with site-specific hazard information,

infrastructure data, and demographic information of the community. This study has several limitations: (1)

the search-and-rescue operation was simplified because of lacking more refined data and information during

the emergency response stage; (2) bridge damage was considered as the only cause of degradation of the

traffic network due to the lack of reliable and well-accepted fragility data of other transportation

infrastructures under earthquakes. In fact, other than bridge damages, debris, obstacles, and pavement

damages may also impact the connectivity of links during the emergency response stage, which may be

incorporated in the future when the data becomes available; (3) the feasibility study of pre-hazard mitigation

planning used the published generic bridge retrofitting options and cost data because of the lack of site-

specific data and the goal of not losing generality; (4) this study did not consider uncertainties and spatial
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correlations of earthquake excitations in the region because of the scope limit, which may be improved in
the future studies.

There are several recommendations for the continuation of the work: (1) building a more advanced
post-hazard search-and-rescue model once some essential data becomes available; (2) incorporating all
types of link damages to simulate the network degradation more accurately; and (3) developing a more
accurate and efficient pre-hazard mitigation optimization program that is capable of computing thousands
of bridges with site-specific retrofitting information. Finally, although this study was about earthquakes,
the proposed methodology can be easily adapted and applied to more diverse scenarios of emergency

medical response involving other hazards or incidents if the post-hazard disruptions are similar.
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CHAPTER 4 TRAFFIC RESILIENCE MODELING FOR POST-EARTHQUAKE EMERGENCY
MEDICAL RESPONSE AND PLANNING CONSIDERING DISRUPTED INFRASTRUCTURE AND
DISLOCATED RESIDENTS2F?

4.1 Introduction

Quick access to hospitals is essential for severely injured people during post-earthquake emergency

medical response. In addition to emergency medical vehicles, most injured residents are often transported

to hospitals by private vehicles. Unlike emergency vehicles, private vehicles carrying injured people don’t

have the driving privilege and therefore become part of regular traffic. Meanwhile, there is usually

considerable traffic from dislocated people subjected to various levels of road disruptions following

carthquakes. A realistic and efficient assessment of the resilience performance of the disrupted

transportation network during the emergency medical response is crucial to saving as many lives as possible

through optimal emergency response planning. This study proposes a new methodology to quantify the

resilience of disrupted transportation networks during the emergency response stage considering private-

vehicle-based injury transport and evacuation traffic. The proposed methodology simulates the traffic

during the emergency medical service using the dynamic traffic assignment method by considering various

road disruptions. A resilience index is proposed based on the traffic efficiency of the hospitalization trips

and uncertainties in earthquakes and infrastructure vulnerability. Finally, the reasonable number of EMS

vehicles is investigated from the optimal emergency medical transportation perspective.

3 This chapter is adapted from a published paper by the author (Wu and Chen 2023b) with permission from

Elsevier.
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This chapter is to investigate the resilience performance of EMS efforts following major hazards based

on the traffic performance assessment of the disrupted traffic networks to close existing research gaps. The

contributions of this study include (1) modeling more realistic traffic demand as well as capacity following

hazards; (2) adopting dynamic traffic assignment techniques to capture the time-dependent nature of traffic

during the emergency response stage with high uncertainties; (3) focusing on private vehicle-based EMS

efforts which have become more important yet being rarely studied; and (4) investigating an important yet

unanswered question: with the assistance of private vehicles, what is the reasonable number of EMS

vehicles needed in a community to carry out efficient emergency medical response. Specifically, in this

study the travel demand is composed of the hospitalization trips of severely injured people and the trips by

dislocated residents resulting from earthquake-induced building damages. In the meantime, the reduced

traffic capacity of the disrupted roads caused by bridge damages and roadside debris is appropriately

modeled.

4.2 Methodology

This study proposes a methodology to evaluate the transportation network resilience during the post-

disaster emergency response period considering hazard-induced traffic capacity reduction because of road

degradation, dislocated population, and private-vehicle-based emergency medical response. As outlined in

Fig.1, the proposed methodology starts with earthquake simulation, with which the damage scenarios of

buildings and bridges are estimated using seismic attenuation law and infrastructure fragility (Atkinson and

Boore 2006; Neilson and DesRoches 2007). The debris distribution on the roads is simulated based on the

building damage scenarios using probabilistic methods (Moya et al. 2020), while the numbers of dislocated

residents and injured populations are further estimated based on building damage scenarios (Hazus 2020).
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In this study, dislocated residents and injured people being transported to hospitals are the main travel
demand of the community during the emergency medical response. Based on the estimated travel demand
and road degradation information, the traffic simulation during the post-disaster emergency response period
is conducted using the dynamic traffic assignment (DTA) method (Han et al., 2019). The traffic efficiency
of transporting injured residents is of utmost importance during the emergency response stage and is
therefore used as the resilience index of the EMS efforts in the community. Finally, traffic efficiency will
be used to estimate the reasonable number of EMS vehicles to support emergency management. Figure 4.1
summarizes these key steps along with corresponding equations, and Table 4.1 lists the notations of main

variables used in this study.
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Figure 4.1 Flowchart of the proposed methodology

Table 4.1 List of notations
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EMS vehicle-based Private-vehicle-based
transporting efficiency transporting efficiency
Egs.(4.11-
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- Propose

Variables
AOD
Cr
d
DH;
fuv
h
HH;
inj
Mj
Mkt
M-t
med;
%MF;

Mean ambulance offload delay

Description

Traffic capacity of roads with work zones

Debris extent

Number of the dislocated household of zone i

Adjustment factor for heavy vehicles

Height of building

Total number of households for zone i

Number of injured people of a given zone i

Average building occupancy of zone i

Trapped rate of occupants in the collapse of building type bt

Severely injured rate among the trapped population of building type bt

Median peak ground acceleration value of damage state i

Parameter related to the structural damage states
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%MFC; Probabilities for multi-family residential buildings suffering complete damage
%MFE; Probabilities for multi-family residential buildings suffering extensive damage
%MFM; Probabilities for multi-family residential buildings suffering moderate damage
MFU; Total numbers of dwelling units for multiple families for zone i
M Richter magnitude

n;j Maximum number of transport rounds

nf}’ Demand of EMS vehicle transport from zone i to hospital j

nfg EMS vehicle demand from zone i to hospital j per unit time

nkar Number of rescue teams available in zone i

" Number of injured people transported from zone i to hospital j at time t through path p
Lp by private vehicles

Ngy Total number of injured people using EMS vehicles

fo Available number of EMS vehicles from zone i to hospital j

NTo Total number of injured residents in zone i that choose to go to hospital j using EMS

b vehicles
Nignes  Number of lanes through the work zone
Py Collapse probability of building type bt

PGA Mean peak ground acceleration
P;j Set of all OD pairs
Pop; Population of zone i
Re Epicentral distance
RI Resilience indicator
RI Resilience indicator of the system under network damage state s

Rramp Adjustment for on-ramps in or near the work zone
R(e) Reliability of the transportation system
S Factor for soil sites
%SF; Parameter related to the structural damage states
%SFC;  Probabilities for single-family residential buildings suffering complete damage
%SFE;  Probabilities for single-family residential buildings suffering extensive damage
%SFM; Probabilities for single-family residential buildings suffering moderate damage

SFU; Total numbers of dwelling units for single families for zone i
t Traffic departure time
tg | Shortest-path free-flow travel time from zone i to hospital j
t%-ean Mean transporting time per injured resident from zone i to hospital j using EMS vehicle
TA;j Target arrival time of OD pair (i, j)
To Defined study time horizon
TH, Pre-hazard total travel time of hospital trips of the community using private vehicles
TH Post-hazard total travel time of hospital trips of the community using private vehicles
tEv .. Mean transporting times of an injured resident to a designated hospital using EMS vehicles

(P Mean transporting times of an injured resident to a designated hospital using private
mean  yehicles
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Travel time from zone i to hospital j at time t through path p

Vs AR Search-and-rescue speed per rescue team

741 Adjustment factor for type and intensity of work activity
Wyrc  Default value for complete damage probability for multi-family homes
Wyrg  Default value for extensive damage probability for multi-family homes
Wyrm  Default value for moderate damage probability for multi-family homes
Werc Default value for complete damage probability for single-family homes
Wsrg Default value for extensive damage probability for single-family homes
Werm Default value for moderate damage probability for single-family homes

; Dispersion of damage state i

Un Mean value of building heights

o Variance of building heights

Y, (t,h)  Travel cost of path p at departure time ¢ and departure rate h

4.2.1 Traffic capacity of disrupted infrastructures

The seismic fragility of typical structures offers the probability of exceeding specified structural
performance indicators, such as stress and displacement, for specified seismic intensity measures, €.g., peak
ground acceleration (Casotto et al., 2015). Because of the uncertainties in structural capacity and seismic
intensities affecting the accuracy of structural failure, typical structures’ seismic fragility is often expressed
as probabilities of specified structural damage states as functions of structural intensities (Muntasir Billah
and Shahria Alam, 2015).

4.2.1.1 Link closure caused by bridge damages

There are five typical seismic damage states for bridges: no damage, slight damage, moderate damage,
extensive damage, and complete damage (e.g., Choi et al. 2004). Seismic fragilities for various bridge types
(e.g., concrete bridges and steel bridges) are usually different, and so are the fragilities for different damage
states of the same bridge (e.g., Choi et al. 2004; Gardoni et al. 2003; Neilson and DesRoches 2007). When
simulating the transportation network during the emergency response stage, a linkage needs to be built

between bridge functionality (e.g., closure, partial closure, or fully open) and damage states (Wu and Chen,

100



2019). According to Padgett and DesRoches (2007), bridges suffering extensive or higher damages cannot

carry any traffic immediately after the disaster. Some existing studies (Mackie and Stojadinovi¢ 2006; Y oon

et al. 2021) also suggest bridges with extensive damage may lose most of their traffic carrying capacity.

Because emergency response often occurs before transportation authorities can conduct comprehensive

inspections of damaged bridges, it is conservatively assumed in this study that the transportation department

will close a whole link if such a link has a bridge experiencing extensive or higher levels of damages as

defined by the limit states. This is based on common observations that a bridge with extensive or worse

damages usually exhibits apparent impassable features like settlement, bent bolts, or considerable cracks

on decks, beams, or piers (Choi et al. 2004; Hsu and Fu 2004).

4.2.1.2 Debris distribution and link capacity

In addition to bridges, extensive studies have been conducted on damages and collapse of residential,
commercial, and special buildings (e.g., hospitals) (Reinhorn et al. 2001; Jaiswal et al. 2011; Wang and van
de Lindt, 2022). When vulnerable buildings are tall and adjacent to the roads, their damages may result in
debris on the roads, which may reduce the road functionality if the debris blocks some lanes or even the
whole road segment. The probability that the debris will block a certain width of a street is mainly a function
of building height, the distance from the building edge to the road edge, and the width of the street (Tamima
and Chouinard 2017; Moya et al., 2020).

According to Moya et al. (2020), the probabilities that a collapsed building of a given height h
produces the debris extent D greater than or equal to d are defined as the following respectively:

P(D > d|H = h & collapse) = fdooP(D = d|H = h & collapse)dx 4.1)
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P(D = d|H = h & collapse) =

—0.43h
1.5e ,

(1- 1.5e—°-43)(

1

e [-52)

4.2)

where u, and o are the mean value and the variance of the building heights (Moya et al., 2020).

Existing studies (e.g., Stein and Neuman 2007) suggest that arterial roads are not deemed safe to get

in Fig. 4.2.
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Figure 4.2 Road degradation by clear width
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through if the lane width is less than 3 meters. In this study, both single- and double-lane roads will be
deemed fully closed if the clear width of the road is less than 3 meters due to debris blockage. For a given
direction on a road segment, a double-lane road will be degraded into a single-lane road if the clear width
of the road is between 3 and 6 meters. Otherwise, a road will be deemed fully open in the direction if the
clear width is more than 3 and 6 meters for single- and double-lane roads, respectively. The detailed

decision flowchart to assess the road degradation level for single-lane and double-lane roads is presented

Fully closed




For multi-lane roads with two or more lanes in one direction, one lane blocked by debris will create a
short-term “work zone” on the road by debris. The “work zone” can significantly change the link's traffic
flow and traffic pattern. According to the Highway Capacity Manual (Manual, 2010), short-term work
zones may reduce the traffic capacity and the reduced capacity c, (veh/h) can be estimated by:

cr = (1600 + WI) - fuy * Nignes — Rramp (4.3)
where WI is the adjustment factor for the type and intensity of work activity (pc/h/In) ranging
between £160 pc/h/In; fgy is the adjustment factor for heavy vehicles, and fyy = 1 when the truck
percentage is negligible; Nigpes is the number of lanes through the work zone, and Rygpy is the
adjustment for on-ramps in or near the work zone (veh/h), which is only applicable to freeways. In this
study with a focus on urban roads, it is assumed the truck percentage is negligible during the emergency
response stage and the ramp adjustment is ignored. In addition, considering the actual speed limits during
the emergency response stage are either unavailable or not well followed, a greatly reduced speed limit at
half its original value is adopted following the assumptions and observations in existing studies (Costa et
al., 2020).
4.2.2 Traffic demand during emergency response stage

In this study, the hospitalization trips of injured residents and the dislocation trips by evacuated
residents generate the primary travel demand during the emergency response stage. The seismic fragilities
of buildings introduced previously will be used to estimate the damages of residential buildings and the
resulting injuries to the residents. The building fragilities will also be used to simulate the damage states of
medical facilities and the available post-earthquake medical resources, e.g., hospitals (Coburn et al., 1992;

Hazus 2020), whose failure will affect the transporting destination choices of the injured people.
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4.2.2.1 Hospital trips and mode choice

The injured people can be estimated based on the population, average occupancy, building failure rate,

trapped rate, and severely injured rate (Coburn et al. 1992; Hazus 2020):
inj; = Lp; Pop; * Pyy * Mi * M3* * M3 (4.4)

where inj; is the number of injured residents of a given zone i; Pop; is the population of zone i;
Py, is the collapse probability of building type bt; M} is the average building occupancy of zone i and
M2t is the trapped rate of occupants in the collapse of building type bt; M2t is the severely injured rate
among the trapped population of building type bt.

When the injured residents are rescued from the damaged buildings, the hospitalization trips of zone
i during the study time T, can be estimated:

Nfiz = n.é‘AR * Vsar * To (4.5)
where nk,p is the number of SAR teams available in zone i; vsa is the rescue speed per rescue
team (unit: person/hour); N,i is the number of hospitalization trips of zone 1.

According to Tani et al. (2004), the search and rescue (SAR) teams can rescue about 85% of trapped
people on-site at a relatively high and steady speed, while the rescue of the rest 15% of trapped residents
would take a very long time. T, is the study period of the EMS activity, which starts from the beginning
of the EMS activity till 85% of injured residents have been rescued. Hazus (2020) states that most severely
injured residents who need immediate hospitalization are caused by building collapse. It is assumed in this
study that all the severely wounded residents are trapped and need to be searched and rescued for

demonstrative purposes.
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There are various emergency transport methods for injured people, including on foot, public

transportation, private vehicles, ground EMS vehicles, and air ambulances. Considering public transit may

be severely impacted without providing normal service under severe earthquakes, this study focuses on

ground transportation of emergency medical response in two modes: using private vehicles and using EMS

vehicles. According to some recent studies on post-hazard rescue efforts, most injured people were

transported to hospitals by private vehicles (Djalali et al., 2011; Kang et al., 2015). Tanaka et al. (1998)

found around 74% of the injured residents were sent to hospitals by private vehicles during the 1995

Hanshin-Awaji Earthquake. So, for communities without site-specific data, it will be a reasonable

assumption that 75% of the injured residents are transported using private vehicles. Since the traffic on the

road typically will not yield to these private vehicles transporting injured people, these hospital trips by

private vehicles would experience similar delays as other regular vehicles on the same routes at that time.

Due to the lack of reliable data, no special driving behavior of those private vehicles transporting injured

people is considered.

4.2.2.2 Traffic demands from dislocated population

Earthquakes can cause residential building damages, drinking water shortages, and power outages,
resulting in dislocated households. These households may need temporary shelters like friends’ houses or
public shelters. According to Hazus (2020), the number of dislocated households after earthquakes can be

estimated by the following equation:

HH;

DH; = (SFU; X %SF; + MFU; X %MF;) * (s ")

(4.6)

where DH; is the number of the dislocated household of zone i; SFU; and MFU; are the total
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numbers of dwelling units for single and multiple families for zone i, respectively; HH; is the total

number of households for zone i; %SF; and %MF; are parameters related to the structural damage states

(Hazus 2020), which are defined as:

%SFL = WSFM X %SFML + WSFE X %SFEL + WSFC X %SFCL (47)

%MF; = Wypy X YoMFM; + Wypg X YOMFE; + Wype X %MFC; (4.8)

where %SFM;, %SFE;, and %SFC; are the probabilities for single-family residential buildings

suffering moderate, extensive, and complete damage states, respectively. Similarly, Y%oMFM;, %MFE;,

and %MFC; are the probabilities for multi-family situations for the three damage states, respectively.

Wernt, Werg, Wsres Wyrms Wyrr, and Wype are the default values for damage state probabilities

whichare 0, 0, 1, 0, 0.9, and 1, respectively. In this study, it is assumed the evacuation will conclude within

the study horizon T,, considering the low possibility for anyone to live in damaged buildings without

drinking water, food supplies, and power.

4.2.3 Traffic performance modeling and resilience assessment

4.2.3.1 Dynamic traffic assignment

As discussed previously, to handle varying traffic characteristics during the emergency response stage,

real-time traffic simulation is critical to estimating the travel time of hospitalization trips with different

departure time and origin-destination situations. The emergency travel demand can be estimated as

introduced in Section 4.2.2. However, the information about the distribution of these trips during the

emergency response period is still lacking. So, it will be recognized as a fixed-demand traffic simulation in

this study, for which the fixed-demand Dynamic User Equilibria model proposed by Han et al. (2019) is
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applied to conduct the dynamic traffic assignment (DTA) during the emergency response period. The

effective delays of paths are defined as:

0.8(t + D, (t,h) — TA;;)? if t + Dy(t,h) < TA;

€ P;; 49
1.2(t + Dy (t, h) — TA;j)* if t + Dy (t, h) = TA;; Pen )

Y, (t,h) = Dy(t, h) + {

where 1,,(t, h) is the travel cost of path p at the departure time ¢ and departure rate h; TA;; is

the target arrival time of OD pair (i, j); and P;; is the set of all OD pairs (Han et al. 2019). As indicated by
its name, the travel demand between each OD pair is fixed according to the study of Han et al. (2019). For

trips between each OD pair, a target arrival time TA;; needs to be assigned to calculate the travel cost.

4.2.3.2 Post-earthquake traffic performance and resilience indicators

The efficiency of transporting injured people to hospitals is a key factor in evaluating the success of
emergency response efforts. Therefore, the total travel time of private-vehicle-based hospital trips of the
community is proposed to reflect the efficiency of the transportation network, which is defined as:

TH = %43, [,°nd, - T dt (4.10)

where TH is the total travel time of hospital trips of the community using private vehicles; T, is the
study time horizon, which is defined as the time limit for rescuing 85% of the injured people in this study;
néjp is the number of injured people transported from zone i to hospital j at time t through path p by
private vehicles; and Tti’;', is the travel time from zone i to hospital j at time t through path p. For any
given earthquake scenario, the hospitalization travel demand stays the same. So, the smaller TH is, the
more efficient the network will be during the emergency response. The resilience indicator (RI) of the

transportation network is defined as:

(4.11)
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where THy and TH are the travel time for the pre-hazard and post-hazard periods, respectively. To
evaluate the expected performance of the transportation network, the reliability of the transportation system
R(€) to maintain a given level of performance ¢ is expressed as:

R(e)=YM P{RI;>¢} 4.12)

where Rl is the resilience indicator of the system under network damage state s caused by link
closure or degradation and hospital failure; M is the number of sampled network damage states; ¢ is the
level of performance (LOP) criterion of the transportation network during emergency response stage, which
is usually specified by the stakeholders; € is between 0 and 1 being used as a criterion set by stakeholders
for acceptable performance.
4.2.4 The Reasonable number of EMS vehicles

For emergency transportation of people with life-threatening injuries, the efficiency of transport is the
key factor for their survival (Meisel et al. 2011; Radun et al. 2022; Wandling et al. 2018). This study will
compare the transport efficiency between private and EMS vehicles to investigate the reasonable number
of EMS vehicles. Private vehicles of injured people, their families, and neighbors are assumed to be
sufficient and immediately available as needed, given the high popularity of private vehicle ownership in
the U.S. As mentioned previously, private vehicles will become part of the post-earthquake emergency
traffic and may experience traffic delays. In comparison, EMS vehicles can avoid traffic delays because of
their driving privilege. However, EMS vehicles may not be immediately available if the demand is larger
than the supply, and an injured people may need to wait till the next available EMS vehicle arrives.

Assuming all EMS vehicles depart from the hospitals, the travel time can be approximated as the free-flow
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time given the privilege. An injured resident may experience twice the free-flow travel time (round trip)
between the hospital and hazard zone if sufficient EMS vehicles are available. If the SAR speed is fast
enough that the EMS demand becomes larger than the number of available EMS vehicles, except for those
people being transported in the first round, everyone else must wait for extra time that can be as long as
several transport rounds. Each transport round includes a zone-hospital roundtrip and the offloading time
at the emergency department of the hospital. It takes time for the EMS vehicles to unload patients at the
hospital emergency department and prepare for the subsequent transport (Cooney et al. 2013; Li et al. 2019).
So, the ambulance offload delay (AOD) should be included in the calculation of the efficiency of EMS
vehicles if the demand is larger than the supply. The supply of a zone is defined as the number of EMS
vehicles being assigned to that zone, while the demand in any zone is defined as the number of severely
injured residents rescued by SAR teams over one transport round that choose to be transported by EMS
vehicles. So, the supply-demand relationship of a zone can be recognized as the EMS vehicle number-SAR
speed relationship. For this situation, the mean transporting time of EMS vehicles can be estimated using
the first-in and first-out queueing model (Mannering & Washburn 2020). In this study, the transport time
is defined as the period from the moment when a patient is ready to be transported on site until the patient
is transported to the designated hospital. The mean transporting time of an injured resident using private

and EMS vehicles (Mannering & Washburn 2020) is respectively defined as:

than = ——Te—— (4.13)

B To  ij
Yij2ply Mipdt

. .+Mean_ Ev
By Tty i

ran = =5 (4.14)
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where tP° = and tEZ,, are the mean transporting time per injured resident using private and EMS

vehicles, respectively. t%e“”

is the mean transporting time per injured resident from zone i to hospital j
using EMS vehicle; nf}’ is the demand of EMS vehicle transport from zone i to hospital j; tg ; is the

shortest-path free-flow travel time from zone i to hospital j; AOD isthe mean ambulance offload delay;

a
ni’j

to

is the maximum number of transport rounds that the last round of injured people need to wait; n;; is

EMS vehicle demand from zone i to hospital j per unit time, which is the number of rescued people by

SAR teams during the period of ZtS ; inzone i that choose to go to hospital j using EMS vehicles; NL-’,E}’

is the available number of EMS vehicles from zone i to hospital j; Ng;? is the total number of injured

residents in zone i that choose to go to hospital j using EMS vehicles, and its value is nf(]) Zt% . The
iLj
reasonable number of EMS vehicles is defined based on their efficiency. If tZ%,,, is shorter than t?), .

in more than 50% of the sampled network disruption scenarios, the EMS vehicles are considered as more

efficient, and the number of EMS vehicles is deemed reasonable.

4.3 Case study

4.3.1 Transportation network of Centerville

Fig. 4.3 presents the basic transportation network of a virtual community called Centerville, which has

been used as a virtual testbed for many studies (Ellingwood et al. 2016). This virtual community is assumed

to be in earthquake-prone areas to demonstrate the proposed network under seismic hazards. The network
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has 20 nodes (I1-17, P1-P6, and R1-R7), each representing the centroid of a zone (e.g., traffic analysis zone)

in the community. The average household size of the community is set as 2.51, according to the average

household size of the U.S. in 2021 (Statista 2022). There are eight types of buildings in the community:

one-story wood-frame (W1), two-story wood-frame (W2), low-rise steel moment frame (S1L), mid-rise

steel moment frame (S1M), low-rise concrete moment frame (C1L), mid-rise concrete moment frame

(CIM), low-rise concrete shear wall (C2L), and mid-rise concrete shear wall (C2M). The percentages of

these building types in different zones are shown in Table 4.2.

During the emergency response period after major earthquakes, the speed limits were set to be half of

their original values (Costa et al., 2020). For Centerville, the speed limit during the emergency response

stage for all the roads is set as 20 miles/hour, which is about half the typical speed limits of main roads in

a small- or medium-sized city. It is assumed that two hospitals in the network are in zone R3 and zone R5

(marked in Fig. 4.3). The two medical centers are special buildings classified as mid-rise buildings with

concrete shear walls, as defined by Hazus (2020). It is assumed a medical center will be closed if it

experiences extensive or complete damages. Otherwise, it will remain at its full functionality. In this study,

only bridge damage and building debris may cause any link to be fully or partially closed. Nine out of thirty-

three roads/links have bridges on them in this community (Fig. 4.3). The bridge types and fragility

parameters are listed in Table 4.5. Six links are identified to be vulnerable to building debris because the

buildings on both sides of those roads are vulnerable to earthquakes, tall and close to the roads. The

information of the six links with possible debris blockage is presented in Table 4.4. This study assumes the

buildings on both sides of the six links are wood-frame buildings, so the debris scattering models under

earthquakes by Moya et al. (2020) can be applied.
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Since Centerville is a small city, the distance may not be the primary concern for residents to choose
hospitals in normal conditions. Without introducing unnecessary complexity for this virtual community, it
is assumed the residents of each zone evenly select the two hospitals in normal daily life, who will keep the
same preference during the emergency response stage. The only community shelter is in zone 17 (marked
in Fig. 4.3) to provide temporary accommodation for the dislocated residents. It is assumed the shelter has
enough space and resource to accept all the dislocated people and remains robust enough against

carthquakes. Therefore, zone 17 will be the destination of all the dislocation trips.

Floodplain

R72

I Ml ™ ¥
| ¥ : .”I@

Figure 4.3 Traffic network of Centerville

Table 4.2 Zone information
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0.122

0.191
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0.124
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Table 4.3 Link characteristics

Link# Start zone Endzone Length (km) No. of lanes

I
I
I

12
P1
R1

1.945
1.594
2.482

1
1
1
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4 12 P2 1.625 1
5 12 P3 1.312 1
6 12 R1 1.548 1
7 I3 14 1.621 1
8 I3 P3 1.574 1
9 I3 R5 2.023 2
10 14 I6 2.023 1
11 I5 P5 3.065 2
12 I5 R4 1.312 1
13 I5 R7 1.574 1
14 I6 P6 2.882 1
15 I6 R5 1.605 1
16 17 P6 2.207 1
17 17 R7 1.620 1
18 P1 R2 2.376 1
19 P1 R3 2.969 1
20 P2 P4 1.324 2
21 P3 P4 1.441 2
22 P3 R1 2.032 1
23 P4 P5 2.391 2
24 P4 RS 1.680 2
25 P5 R3 1.312 2
26 P5 R6 1.908 2
27 P6 R6 1.651 1
28 P6 R7 2.584 1
29 R2 R3 1.949 1
30 R2 R4 3.519 1
31 R3 R4 3.065 1
32 RS R6 2.881 2
33 R6 R7 1.992 1

Table 4.4 Information of links with debris blockage risks

Link #Lanes 'LW 2BLW S>BTRD “Bdlongitude Bd latitude Mean h °Std h #Bd

I5-P5 2 33 0 3 -97.44726 35.22654 10.4 24 20
P1-R3 1 33 2 3 -97.47092 35.25643 10.2 2 10
P2-P4 2 33 2 3 -97.47237 35.23307 10.2 2.2 55
P3-P4 2 33 0 3 -97.48150 35.22739 10.3 23 60
P4-R5 2 33 2 3 -97.47357 35.22719 10.1 2.2 30
P6-R6 1 33 2 3 -97.49008 35.20760 10.4 24 10

114



Note: 'LW is for lane width; 2BLW is for bike lane width and values are assumed based on FHWA
(2002); *BTRD is for building-to-road distance and value assumed according to Municode Library (2022);
“Bd is for building; *Mean h is for mean height of buildings; °Std h is for standard deviations of building
heights.

4.3.2 Data analysis

Assuming a scenario earthquake with a Richter magnitude of 7.0, epicentral depth of 10 km, and
epicenter location at the latitude and longitude of (35.15, -97.15) has attacked Centerville. We employ the
seismic attenuation law developed by Atkinson and Boore (2006) for the mean peak ground acceleration
(PGA):

lOg(PGA) =C + CZML + C3ML2 + (C4 + C5ML)f1 + (CG + C7ML)f2 + (Cg + CgML)fO + ClORe +S

(4.17)
f, = max (log (;—0) ,0) (4.18)
f; = min (logR.,log70) (4.19)
f, = max (log (%) ,0) (4.20)

where M; is the Richter magnitude; R, is the epicentral distance (km); ¢; — c;, are the parameters

from regression analysis; and S is the factor for soil sites and S = 0 for hard-rock sites. Centerville is

assumed to be located at a hard-rock site. According to the study by Atkinson and Boore (2006), the

following parameters are selected: c; = 0.907, c, = 0.983, c3 = —0.066, c, = —2.7, cg = 0.159,

Ce = _2.8, Cy; = 0.212, Cg = _0.301, Cg = _0.0653, Ci0 = —4.48E — 04.
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In the work by Neilson and DesRoches (2007), the probability of a certain infrastructure damage state

i or greater is estimated as:

In(PGA)—In (med;)

P[Damage State i or greater|PGA] = @[ 2

]

4.21)

where med; and {; are the median PGA and dispersion of damage state i, respectively.

The values of med; and {; for different bridges and building types are presented in Table 4.5 and

Table 4.6, respectively. The moderate med;, extensive med;, and complete med; in Tables 4.5-4.6 are

the median PGA values (Eq. (4.21)) that correspond to moderate, extensive, and complete damages,

respectively. According to Hazus (2020), Eq. (4.21) also applies to special buildings like hospitals and

medical centers. They are mid-rise buildings with concrete shear walls experiencing median PGA and

dispersion values of 1.24g and 0.64, respectively. Table 4.7 shows the indoor casualty rates of various

building types for different damage states (Hazus 2020).

Table 4.5 Bridge fragility information (Nielson & DesRoches 2007)

Bridge # Bridge Class Extensive med; (g) Dispersion(g) Longitude  Latitude

B11-B12 MSC concrete 0.75 0.7 -97.479543  35.256638
B21-B22 MSC slab 0.78 0.7 -97.461509 35.226897
B31-B32 MSC steel 0.39 0.55 -97.460889 35.212719
B41-B42 MSSS concrete 0.83 0.65 -97.452268 35.197926
B51-B52 MSSS concrete box 1.19 0.75 -97.459936 35.256156
B61-B62 MSSS slab 0.94 0.75 -97.443390 35.221606
B71-B72 MSSS steel 0.56 0.5 -97.427446 35.245770
B81-B82 SS concrete 2.62 0.9 -97.430203  35.237922
B91-B92  SS steel 1.52 0.55 -97.413721 35.220139

Table 4.6 Building fragility information (Hazus 2020)

Building type Moderate med; (g) Extensive med; (g) Complete med; (g) Dispersion (g)

W1 0.43 0.91 1.34
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w2 0.35 0.64 1.13 0.64
S1L 0.22 0.42 0.8 0.64
S1M 0.21 0.44 0.82 0.64
CIL 0.23 0.41 0.77 0.64
CIM 0.21 0.49 0.89 0.64
C2L 0.3 0.49 0.87 0.64
Cc2M 0.26 0.55 1.02 0.64
Table 4.7 Injury probabilities of severity 2 and 3 for different building types
Moderate Extensive No collapse* Collapse* P(col)*
S2 (%) S3(%) S2(%) S3(%) S2(%) S3(%) S2(%) S3 (%) %
W1 0.03 0 0.1 0.001 1 0.01 20 3
W2  0.025 0 0.1 0.001 1 0.01 20 5
SIL  0.025 0 0.1 0.001 1 0.01 20 5
SIM  0.025 0 0.1 0.001 1 0.01 20 5
CIL  0.03 0 0.1 0.001 1 0.01 20 5 13
CIM 0.03 0 0.1 0.001 1 0.01 20 5 10
C2L  0.03 0 0.1 0.001 1 0.01 20 5 13
c2M  0.03 0 0.1 0.001 1 0.01 20 5 10

* Damage state “complete” has two subtypes: no collapse and collapse. P(col) is the collapse rates for

complete building damage (Hazus 2020).

From Egs. (4.6-4.8 & 4.17-4.21) and the community information shown in Table 4.2 and Table 4.6,

the evacuation travel demand of each zone can be estimated. The evacuation trips for different zones are

presented in Fig. 4.4, and Zones 15 and 17 have the most evacuation demands because of large populations

and proximity to the epicenter. Zone R1 has the smallest evacuation demand, which is in accordance with

its small population and relatively long distance to the epicenter.
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Figure 4.4 Evacuation travel demand of different zones

According to Tani et al. (2004), the average search-and-rescue (SAR) speed for one rescue team is
around 16-23 persons/hour for the first 85% of trapped injured residents. The SAR speed of the rest 15%
of the trapped injured residents is much lower than that for the first 85% of trapped injured residents.
Considering it takes extended time to rescue the last 15% of trapped injured residents during which the
usage of ambulances will be way below the peak demand. Therefore, this study assumes there will be
sufficient ambulances for the last 15% of the trapped injured residents because of the immediate availability
and expected much shorter turnaround time due to driving privilege. This study is focused on the period
(Tp) from the beginning of SAR to rescuing 85% of the injured residents. Due to the lack of information on
the emergency dislocation timetable, this study assumes most of the dislocation will be completed during
the study time frame (T,). The rescue speed is assumed to be 23 persons/hour/team according to Tani et al.
(2004), and the rescue power is equivalent to 2 SAR teams in the community. The rescue power consists
of trained SAR teams like those from fire departments and voluntary SAR teams like neighbors, family
members, and roommates, and the latter is usually accounted for most of the SAR efforts due to their
dominant quantity (Murakami et al. 2000). It is ideally assumed the total rescue power of the community is
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proportionally assigned to different zones according to their respective populations. So, the SAR of the first
85% of the injured people will be completed within similar time durations for all the zones.

Based on Egs. (4.4-4.5 & 4.17-4.21), Table 4.2 and Tables 4.6-4.7, the injured people that need
immediate medical care can be estimated. It takes about 6 hours to rescue 85% of the severely injured
people who need immediate medical treatment according to the above-mentioned rescue speed. Tanaka et
al. (1998) found around 74% of the injured residents were sent to hospitals by private vehicles during the
1995 Hanshin-Awaji Earthquake. So, in this study without site-specific data, 75% of the severely injured
residents during the period (T}) are assumed to be transported to hospitals by private cars, and the numbers
of these trips for different zones are shown in Fig. 4.5. Like the evacuation trips in Fig. 4.4, the

hospitalization trips for different zones share similar characteristics.
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Figure 4.5 Hospitalization trips using private vehicles of different zones

4.3.3 Results
Considering the urgency for the residents who have lost living necessities to dislocate as soon as
possible, this study takes the first 6 hours after the earthquake as the time horizon, which means both the

evacuation trips and hospital trips in Figs. 4.4-4.5 will be finished during that period. The target arrival
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times TA;; (Eq. (4.9)) for the evacuation trips of different zones are randomly generated during the study
time horizon. As introduced earlier, there are nine vulnerable links in the traffic system with bridges, six
vulnerable links with possible debris blockage, and two vulnerable medical centers. According to Adachi
and Ellingwood (2007), PGA is assumed to follow a lognormal distribution with a coefficient of variance
of 0.6. Based on Egs. (4.1-4.2) and (4.17-4.21), Latin Hypercube sampling is adopted to simulate bridge
damage, debris blockage, and hospital damage scenarios with 10,000 samples. The samples are generated
based on 100 data points of PGA and 100 infrastructure damage samples per PGA point.

Based on the estimated travel demand and the fixed-demand dynamic user equilibria, the traffic
simulation is conducted on the post-hazard network using the dynamic traffic assignment algorithms (Eq.
(4.9)) coded with MATLAB. The mean and shortest travel times between several zone-hospital pairs are
presented in Figs. 4.6-4.7. The mean travel time is the average travel time of the 10 shortest paths between
each OD pair. The 10 shortest paths won’t remain the same since the network topology varies with link
degradations. The shortest travel time is the travel time for the optimal path throughout the study period,
which may be derived based on multiple paths since the optimal path changes with the fluctuations in travel
demand. Both Figs. 4.6-4.7 suggest that the travel time of different zone-hospital origin-destination (OD)
pairs peaks at different time instants, which is caused by different target arrival times for all the zones.
When people in different zones start to evacuate, the traffic can become heavy on several main routes. If
these busy routes or road segments happen to be on the paths of some zone-hospital pairs, the zone-hospital
travel time may surge. As a result, heavy traffic causes peaks in some specific OD directions. Similarly, the
flat lines mean the traffic is not heavy in that OD direction. Since zone I7 is the location of shelters, the

dislocation traffic flows to zone 17 will concentrate at the southeast corner of the community (Fig. 4.3). It
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is reasonable that if a link is on the south or east border of the network, there may be significant traffic on
the link in the direction to zone I17. For instance, links R4-15, [5-R7, 14-16, and 16-P6 can be busy if residents
living in the northeast part of the community are evacuating to the public shelter in zone 17. This can explain
the longer travel time of OD pairs (I4, R3) and (R4, R5). Similarly, paths from R1 to R3 and P1 to RS will
avoid the busiest road segments, resulting in relatively short and steady travel time. Besides the traffic flow,
road vulnerability may further exacerbate the congestion. For OD pair (R4, R5), R4 is surrounded by
vulnerable links, and the same situation applies to hospital RS except for link 16-R5. This will significantly
impair the accessibility through the pre-hazard shortest routes since some of them may not be accessible

anymore due to the potential closure of the vulnerable links on the routes.
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Figure 4.6 Mean travel time for hospitalization trips for selected ODs
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Figure 4.7 Shortest travel time for hospitalization trips for selected ODs

The distributions of total travel time (TH) and the resilience index are shown in Figs. 4.8-4.9. Fig. 4.8
suggests that the post-hazard TH values for most sample scenarios are concentrated between 50 and 100
hours. As shown in Fig. 4.8, the mean TH is 82.8433 hours for the post-hazard network. The pre-hazard
network is a special case in all the sampled scenarios when no link fails, and it has a total travel time (TH,)
of 49.2254 hours. There is about a 68% increase in the total travel time of post-hazard hospitalization trips
from that before hazard. Apparently, the disruption of the transportation network caused by earthquakes
should be blamed for such an increase, and the emergency traffic further aggravates such impact. Almost
half of the links in the network are vulnerable to the earthquake in this study. Other related links may expect
increased traffic congestion under significant network travel demand when some critical links are fully or
partially closed due to bridge damage or debris blockage. Fig. 4.9 shows the cumulative distribution of the
system resilience index has little change, a rapid increase, and a slow increase when the resilience index
varies between 0.1 to 0.4, 0.5 to 0.7, and 0.7 to 1, respectively. Since the resilience index is based on TH,

similar phenomena can also be observed in Fig. 4.8.
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Figure 4.9 Cumulative distribution of system resilience index

The impact of LOP on system reliability is studied with the result presented in Fig. 4.10. It is found
that the system reliability remains stable around 1 when LOP is below 0.5. It is because the network remains
at a certain level of performance, even with fully or partially closed links and considerable travel demand.
So, the network meets the low functionality expectation in almost all sampled scenarios. The system
reliability decreases almost linearly with the LOP in the range of (0.5, 0.7) because more and more severely

damaged scenarios can no longer meet the increasing LOP requirements. The closure or partial closure of
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some essential links will reduce the network performance and keep it below the expected level of

performance. The selection of LOP value in this interval is found reasonable to demonstrate the impact of

link failures on the system performance.
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Figure 4.10 System reliability as a function of level-of-performance

4.3.4 Comparison with static traffic assignment results

For comparison purposes, a counterpart model based on static traffic assignment (STA) is set up to

explore the advantages of using dynamic traffic assignment (DTA) under the same scenario as introduced

in this study. Unlike the DTA that can continuously simulate the traffic, STA was conducted for every 30-

minute time segment during the study time horizon. The travel demand during each time segment is

estimated from the dislocation trips and target arrival times of different zones. Other than different travel

demands, both DTA and STA models use the same link travel time and capacity information. The travel

time of several typical OD pairs is presented in Fig. 4.11. By comparing Fig. 4.11 with Fig. 4.6, it is found

that the travel time is similar for DTA and STA for the most time, although the DTA results exhibit a

relatively higher level of congestion, especially for 14-R3 and R4-R5. It may be caused by the fact that STA
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would not relay to neighboring time instants by propagating congestion. Although strict comparison with
real traffic data is not possible for this virtual community, the DTA method should provide more realistic

results in this study given its well-known advantage compared to STA.
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Figure 4.11 Travel time for hospitalization trips for selected ODs using STA

4.4 Investigation of the reasonable number of EMS vehicles

As introduced in Section 4.2.4, unlike private vehicles, EMS vehicles enjoy the driving privilege of
having other vehicles yielding to them, but also with their limitations during emergency medical response.
Unlike private vehicles that can transport injured residents on one-way trips, EMS vehicles always need to
arrive at the site first upon request, transport a patient to the hospital, offload the patient, and then head to
another location. Injured people must wait for the EMS vehicles when the demand is high enough that EMS
vehicles become insufficient following major hazards. According to the national ambulance statistics, there
were 73,500 EMS vehicles in the U.S. in 2020 when the population was 329.5 million in the United States
(National Association of State EMS Officials 2020; U.S. Population 2022). Assuming Centerville has the

same EMS vehicle-population ratio as the national one, there are 14 EMS vehicles in the community, and
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their transporting power is proportionally assigned to all the zones according to their demands. According
to Eckstein and Chan (2004), the median ambulance offload delay (AOD) for their 21,240 investigation
cases was 27 minutes. This study assumes the two hospitals in Centerville have similar efficiency in terms
of receiving and admitting patients at both emergency departments, and the AOD is 27 minutes per EMS
vehicle. Based on Dijkstra's shortest route algorithm (Dijkstra 1959), the distributions of tZMS? and t£, .
for all sampled scenarios are shown in Fig. 4.12, with the median values of 0.3391 and 0.4451 hours,
respectively. As shown in Fig. 4.12, tEMSV is not only more efficient, but also less deviated. Therefore,
the number of EMS vehicles seems reasonable in terms of the transporting efficiency given Centerville's
specific post-earthquake emergency response situation in this study. This study also investigated the
changing of tZMSV with the number of EMS vehicles, and the results are demonstrated in Fig. 4.13. In
comparison, th,.. is also plotted on the same figure to find the minimum reasonable number of EMS
vehicles. Considering the hospital trips are negligible as compared to the dislocation traffic following
earthquakes, their impact on th,,,, was deemed minimal. Fig. 4.13 shows tZM5V drops quickly at the
beginning, then slows down, and stays the same when the number of EMS vehicles reaches 5. It implies
that when 5 or more EMS vehicles are available in the community, the supply of EMS vehicles will be

more than the demand. Therefore, Fig. 4.13 suggests the minimum reasonable number of EMS vehicles is

about 4 for Centerville based on the median travel time.
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Figure 4.13 tEMSV as a function of number of EMS vehicles

A parametric analysis of the minimum reasonable number of EMS vehicles is further conducted to
assess its sensitivity to mode choice and ambulance offload delay (Figs. 4.14-4.15). The stair plot in Fig.
4.14 shows the minimum reasonable number of EMS vehicles changes almost linearly with the mode choice
percentage. Compared to mode choice, it is found that the minimum reasonable number of EMS vehicles

is less sensitive to AOD. It may be due to the relatively small EMS vehicle demand in this demonstrative
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example and as a result, even a small number of EMS vehicles will suffice the emergency transport demands.

When there are sufficient EMS vehicles, AOD is found to have minimal effect on transport efficiency.
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Figure 4.14 Minimum reasonable number of EMS vehicles as a function of mode choice
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Figure 4.15 Minimum reasonable number of EMS vehicles as a function of AOD

4.5 Conclusion
Emergency response period is very critical and time-sensitive following major earthquakes. A
framework to model the resilience performance of transportation systems during the post-earthquake

emergency medical response was developed from the EMS perspective with the consideration of emergency
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dislocation traffic and infrastructure disruption. To simulate various uncertainties in ground motion,

infrastructure damage states, debris distribution, and road disruption, the seismic fragility of infrastructures,

and Latin Hypercube Sampling method were applied in this study to generate numerous potential scenarios.

A dynamic traffic assignment method was adopted to simulate the emergency traffic flow and the time-

dependent delays in the private-vehicle-based injury transport system. This study defined a new resilience

indicator to quantify the transportation network efficiency and the performance of the emergency medical

response of the attacked community based on private vehicles. The model can incorporate uncertainties

into road degradation to make the performance quantification more realistic and reliable. The proposed

resilience indicator was used to evaluate the efficiency of EMS vehicles during the study time horizon and

to derive the reasonable number of EMS vehicles based on transportation efficiency. Finally, the proposed

model was demonstrated in a virtual community located in earthquake-prone areas. A comparative study

was conducted to investigate the differences between the dynamic and static traffic assignment methods.

The results show that the dynamic traffic assignment method has great potential to provide more realistic

and reliable results than the static traffic assignment method.

This study proposed a new approach to simulate post-earthquake emergency traffic and quantify the

transportation network resilience during the emergency response period after earthquakes. The model is not

only more realistic and reliable as compared to traditional connectivity-based methods but also efficient in

incorporating various uncertainties. This study still has several limitations: only bridge damage and debris

were considered as the factors affecting traffic functionality of those road segments; this study did not

consider the spatial correlations of seismic ground motions in the case study area because of the scope limit,

which may be improved in future studies; the simplified travel demand in this study doesn’t include some
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emergency trips (e.g., people may immediately return from offices, schools, and stores to their homes); this

study did not incorporate the effects of other disruptions on travel time due to the lack of appropriate models

and data, such as pavement damages. Instead, a significantly reduced speed limit was approximately applied

based on the knowledge gathered from existing studies. Also, this study has adopted various assumptions

due to the lack of data, including the search-and-rescue information, the relationship between infrastructure

damage states and their performance, and detailed emergency traffic composition. Following the proposed

model, more sophisticated and advanced studies on a transportation network can be conducted when more

site-specific data becomes available. Finally, although this methodology was presented under earthquakes,

it can be adapted and applied to the emergency medical response involving other hazards or incidents

causing similar disruptions.
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CHAPTER 5 POST-EARTHQUAKE RESILIENCE ASSESSMENT AND LONG-TERM
RESTORATION PRIORITIZATION OF TRANSPORTATION NETWORK*

5.1 Introduction

An efficient and safe transportation system is essential to communities during the long-term recovery

period after earthquakes. A disrupted transportation network due to infrastructure damage or failure affects

the functionality of the traffic system and poses increased traffic safety risks. A rational assessment of the

traffic network performance in terms of both traffic efficiency and safety cannot only provide

comprehensive quantification of system resilience, but also enable more risk-informed post-hazard

recovery planning. A new methodology to assess the resilience performance of transportation networks

during post-earthquake long-term recovery period is developed in this study with two main innovative

contributions: (1) modeling the traffic performance of partially closed road segments in the network

simulation and optimization, which offers useful tool to capture the time-progressive recovery process; and

(2) integrating both traffic efficiency and safety into the resilience assessment and recovery prioritization.

After a resilience indicator is introduced to characterize the overall traffic efficiency and safety of the

transportation network using probabilistic sampling method, a new restoration priority measure is proposed

to support post-earthquake restoration of damaged bridges. A demonstrative study is conducted on a

hypothetical network system located in an earthquake-prone area.

4 This chapter is adapted from a published paper by the author (Wu et al. 2021) with permission from Elsevier.
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This chapter aims to address these limitations by proposing a methodology to assess the time-

progressive resilience performance of transportation networks during the post-earthquake long-term

recovery period that can consider the traffic performance of partially disrupted roads or bridges. The

resulting resilience framework can provide reliable information on travel time and traffic safety of roads

with various levels of lane closure on the bridges. This study adopts a microscopic traffic flow simulation

model (Hou et al. 2017, 2019) to simulate road travel time, which offers a general approach for any road or

bridge with specific lane closure conditions. Moreover, this study adopts statistical methods for

transportation data analyses to estimate the traffic accident frequency of roads with different bridge

functionality levels. Such a methodology can be applied to different roads with the site-specific traffic crash

data (Washington et al. 2010). A resilience indicator is proposed based on the simulated travel time and

traffic safety performance to evaluate the performance of regional road networks after major hazards. The

model uses existing seismic attenuation laws and bridge fragility data to estimate bridge failure, applies

Monte Carlo simulation and Latin Hypercube sampling to consider the uncertainties in earthquake intensity

and bridge fragility, and adopts User-Equilibrium (UE) method (Wardrop 1982) and Frank-Wolfe algorithm

(Frank & Wolfe 1956; Janson 1991; and Lee & Machemehl 2005) to conduct traffic assignment.

Furthermore, this study proposes a bridge restoration prioritization measure based on system resilience and

uncertainties to provide critical information for stakeholders to make risk-informed decisions on bridge

restoration during post-earthquake long-term recovery period. The Greedy algorithm and probabilistic

sampling method are adopted to derive the bridge prioritization measure. The proposed methodology is

applied to the transportation network of Centerville (Ellingwood et al. 2016), a hypothetical community

located in an earthquake-prone area.

132



5.2 Resilience assessment framework of disrupted transportation network in long-term recovery

stage

The objective of this study is to assess the resilience performance of transportation networks during

post-earthquake long-term recovery period, incorporate travel efficiency and safety of disrupted roads and

propose a bridge prioritization measure to support decision makings on post-earthquake bridge restoration.

As shown in Fig. 5.1, the methodology starts with hazard simulation to generate bridge damage scenarios.

The input data includes earthquake information like Richter magnitude, locations of the epicenter and

bridges and the output are the earthquake intensities like peak ground acceleration. Seismic attenuation

laws and probabilistic sampling methods are applied to estimate earthquake intensities and their

uncertainties, respectively. Then the sampled earthquake intensities are used to generate possible bridge

damage scenarios based on bridge seismic fragility and probabilistic sampling method.

In Fig. 5.1, when simulating the travel time of roads with different levels of functionalities, the inputs

are the road and traffic information. Methods like microscopic traffic flow simulation can be adopted to

derive the modified Bureau of Public Road function (US Bureau of Public Roads 1964) to accommodate

partial functionality of roads due to bridge damages. For any sampled bridge damage scenario and given

travel demand, the travel time and traffic flow of the links and the system can be estimated using traffic

assignment methods. For the long-term recovery period, the traffic demand of the system can be recovered

to almost the same as the pre-disaster level, and the travel demand of each OD pair can usually be obtained

from the transportation department of the region (Chang et al. 2012) or estimated from existing

Metropolitan Planning Organization (MPO) models (Kimley-Horn et al., 2007). Without losing generality,

it is assumed in this study the travel demand of the community during the long-term recovery period is
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same as the pre-earthquake level. The traffic flows of different links, together with other traffic safety
factors, such as work zone lengths, are the inputs when deriving the traffic safety model using regression
models like Poisson regression and Negative Binomial regression (Washington et al. 2010). The total
system crash frequency for any sampled scenario can be estimated with the traffic safety model and link
traffic flows.

In this study, the resilience index is defined based on the total system travel time and total system crash
frequency (Fig. 5.1) to consider both the traffic efficiency and safety performance of the transportation
network. By introducing the level-of-performance (LOP) criterion, the system reliability is derived through
quantifying the number out of the sampled scenarios under which the performance of the transportation
network, in terms of travel time and traffic safety, can meet the selected criterion. The bridge restoration
prioritization measure is the indicator for the decision-makers to prioritize the bridge restoration, especially
when only limited resources are available. The detailed process and information of the proposed

methodology are presented in the following sub-sections.
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Figure 5.1 Flowchart of the model

5.2.1 Seismic fragility of bridges

The seismic fragility of structures can be defined as the probabilities of a given failure type of the
structure under a given intensity level of earthquakes, e.g., spectral acceleration (SA). The failure in terms
of a limit state is defined as an excess of the limiting value of the performance indicator, such as stress,
displacement, or others. There are many sources of uncertainties affecting the accuracy of the structural
capacity and fragility curves are often used to quantify the confidence level for each damage or limit state.
For bridge seismic analyses, typically there are several different damage states, for example, no damage or
slight/minor damage, moderate damage, extensive damage, and complete damage (Nielson & DesRoches
2007, and Argyroudis et al., 2019). For each damage state, the fragility curve stands for the probability of
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occurrence under different values of a hazard parameter. The probability of a bridge suffering and exceeding
a given damage state is modeled as a cumulative lognormal distribution. For bridge damage, given the peak
ground acceleration, PGA, the probability of suffering or exceeding a damage state, i, is modeled as:

P[Damage State i or greater|PGA] = ® [w]

- (5.1)

where med; is the median PGA value of damage state i; {; is the dispersion of damage state i

(Nielson & DesRoches 2007). The damage state of bridge i is defined as:

D; = D;(PGA(&p), €a:) (5.2)

where &, is the uncertainty of PGA; &y; is the uncertainty of structural damage in the fragility curve
of bridge i (Chang et al., 2012).

PGA is one of the commonly used seismic intensities when developing seismic fragility of bridges
(e.g. Nielson & DesRoches 2007), so it is adopted herein to estimate the bridge damage states in this study.
The median of the peak ground acceleration, PGA, of a given location can be derived by the attenuation
laws in terms of Richter magnitude (M} ) and epicentral distance (R,).

PGA = f(My,R,) (5.3)

The uncertainty of PGA is often assumed to follow a lognormal distribution because the seismic ground
motions are estimated with attenuation laws that are usually modeled as the exponential of My and R
(Campbell 1981). PGA at a given location follows lognormal distribution:

InPGA = In(PGA) + &, (5.4)

where &, is the uncertainty of PGA, same as in Eq. (5.2). Following the work by Adachi and

Ellingwood (2007), PGA is assumed with a coefficient of variation of 0.6.
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5.2.2 Travel time estimate on post-earthquake urban arterials

5.2.2.1 Post-earthquake traffic on urban arterials

In post-earthquake urban transportation networks, road links may be disrupted directly or indirectly.

In this study, we only consider the disruption to the traffic flow by damaged bridges given the fact that

other temporary or relatively minor disruptions are reasonably assumed to be eliminated by the time of

long-term recovery. According to Padgett and DesRoches (2007), a moderately or less damaged bridge can

typically be recovered to its original traffic carrying capacity one week after the earthquake, while an

extensively damaged bridge can only recover 50% of its capacity while a completely damaged bridge

cannot carry any traffic. Considering the long-term recovery period usually begins at least 7 days after the

carthquake, the traffic capacity from the survey by Padgett and DesRoches (2007) still can be applied during

long-term recovery periods. When site-specific data of traffic capacity of damaged bridges is not available,

the generic data from the existing studies (e.g., Padgett & DesRoches 2007) will be adopted.

For demonstration purposes in this study, a bridge which cannot carry any traffic (completely

damaged) is deemed to be totally closed; and 50% traffic carrying capacity (extensively damaged) is

assumed that half of the lanes are closed on the bridge. This study focuses on urban transportation networks

with two-way single-lane and two-way double-lane roads, which are very common in the US. If a bridge

on any of the two-way single-lane roads suffers complete damage, the road will be closed to all the through

traffic. If a bridge on a two-way single-lane road suffers extensive damage, it is assumed one of the lanes

on the bridge will be closed as a “work zone” and the other lane will accommodate traffic with a flag person

to direct the traffic of the lane. In this case, it is assumed the free flow travel time on this link is doubled

while the capacity remains the same. If a bridge on a two-way double-lane road suffers extensive damage,
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two lanes on the bridge will be closed as “work zones™ and the link will be degraded into a partial two-way
single lane road with “work zones”. Therefore, for an urban transportation network with two-way single-
lane and two-way double-lane roads, there are three typical traffic scenarios after earthquakes (Fig. 5.2):
the first one is the normal 1-lane traffic, the second one is the normal 2-lane traffic, and the third one is the

disrupted 2-lane traffic, in which one lane is closed for the damaged bridge and the other lane is open.

2 fom .
@u@g o —'" Oo=—=0

(b) Normal 2-lane traffic

Damaged bridge
T s
?@5’7-‘ I-El m\g
O——0 ———— " =

(c) Disrupted 2-lane traffic
Figure 5.2 Post-earthquake traffic scenarios

5.2.2.2 Microscopic traffic flow simulation model

For intact roads shown in Fig. 5.2 (a) and (b), the travel time on a road link has been often predicted
with the widely adopted travel time functions for intact roads (e.g., BPR functions). Lane reduction due to
damaged bridges shown in Fig. 5.2(c) will reduce the road traffic capacity and increase the travel time. For
roads with partial disruptions as shown in Fig. 5.2(¢c), the corresponding travel time functions are however

not available and therefore need to be defined before the traffic performance can be assessed quantitatively.
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Traditionally, travel time function for intact roads can be established based on empirical data from traffic
monitoring or calibrating the coefficients of BPR functions. Actual post-hazard traffic data, however, has
been very rare and as a result, simulation-based approach is often needed to derive the travel time functions
for various disruption scenarios. In this study, a Cellular Automaton (CA)-based microscopic traffic flow
simulation model developed by Hou et al. (2017, 2019) is used to simulate normal and disrupted traffic
flow on post-earthquake arterials and estimate the travel time functions.

The effect of traffic lights must be considered for urban arterials. As shown in Fig. 5.2, there is a traffic
light at the right end of a road section, with a cycle length of T and a green ratio of R. The orange light
period is ignored. The durations of green-light phase and red-light phaseare T, =T * R and T, =T — T,
respectively. The CA model used in this study includes forwarding and lane-changing rules. The
longitudinal position and velocity of vehicle i are denoted by xf and v{ atthe time step t. At next time
step t + 1, position x{*! and velocity vf*' can be updated through the forwarding and lane-changing

rules. The forwarding rules can be described as a process of step 1 to 4, which are performed in parallel for

all the vehicles.

Step 1 Acceleration: vf*! = min(vit + a;, vi,max).

Step 2 Deceleration: vf*! = min(vi“'l,gapf), if the traffic light is green in front of vehicle i;
vt = min(vit?, gap!, S;), if the traffic light is red in front of vehicle i.

Step 3 Randomization with a probability of p,: v{*! = max(v{** —d;,0).

Step 4 Movement: x/*! = x}f + v+t

where v; 4, denotes the maximum velocity of vehicle i; a; and d; denote the acceleration rate

and deceleration rate of vehicle i; gap! is the clear distance between vehicle i and its front vehicle i +
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1 on the current lane at time step t, gapf = xf,; —xf —l;; I; is the length of vehicle i; S; is the clear
distance between vehicle i and the traffic light.
For 2-lane traffic as shown in Fig. 5.2 (b) and (c), vehicle i will perform a lane-changing maneuver

with a probability of p.y, if the lane-changing rules shown in Eq. (5.4) to (5.6) are satisfied.

gapl-t < min(vit + ai,vi,max) (5.5)

gapf; > gap} (5.6)
t t

gapip > Vip (5.7)

where gapit’ s 1s the clear distance between vehicle i and the nearest vehicle on the target lane ahead
of vehicle i at time step t; gapl-t’ p 1s the clear distance between vehicle i and the nearest vehicle on the
target lane behind vehicle i at time step t; vit_ p 1s the velocity of the nearest vehicle on the target lane
behind vehicle i.

Open boundary conditions are used in this model. Vehicles are injected into the road section of
stimulation from the left end with a flow rate of g, and the time headway h is assumed to follow a
displaced exponential distribution, which has a cumulative probability distribution as follows:

F(h) =1 — e Ah-tm) (5.8)

where F(h) is the cumulative distribution function of h; t,, is the minimum headway between

vehicles; A = If a vehicle reaches the right end of the road section, it will leave when the traffic

A-tmq)

light is green and will stop when the traffic light is red.
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5.2.3 Traffic safety risks of partially disrupted infrastructures

Earthquakes can cause bridge damage or even collapse, which will change the traffic patterns on the
whole network. Both the damaged infrastructure and the traffic volume affect car crash frequencies.
Whenever a bridge is under repair with partial blockage by providing limited traffic, it can be practically
treated as a work zone with increased traffic safety risks (Yang et al. 2015). Poisson Regression is a basic
but popular count-data model to simulate traffic crash frequency. If historical crash data is available,
statistical analyses with more advanced models (e.g. Negative Binomials, panel data models) can be
conducted to capture the site-specific safety performance of the area. If the site-specific crash data is not
available or sufficient, Poison model will be an ideal option as the default and baseline analysis model
thanks to its minimum data requirement and high popularity. In a Poison regression model, the probability

ofroad i having y; crashes (where y; is a non-negative integer) is given by

EXP(-2A)A)

P(y) = "

(5.9)

where EXP () is the exponential function; P(y;) is the probability of road i having y; crashes per
year and A; is the Poisson parameter for road i, which is equal to the expected number of crashes per unit
time on road i, E[y;] (Washington et al. 2010). Poisson regression models are estimated by specifying
the Poisson parameter A; (the expected number of events per period) as a function of explanatory variables.
For the long-term recovery case, explanatory variables might include the average hourly traffic, length of
roads, work zone length, and duration of work zone length. The most common relationship between
explanatory variables and the Poisson parameters is the log-linear model,
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where x; is the vector of explanatory variables and f is the vector of estimable parameters. In this
formulation, the expected number of events per period is given by E[y;] = A; = EXP(Bx;) (Washington
et al. 2010). According to Washington et al. (2010), this model is estimated by standard maximum

likelihood methods, with the likelihood function given as

EXP[EXP(Bx))][EXP(Bx)]Yi
LB =T1; [ (ﬁxy)i]![ (Bxi)] (5.11)

5.2.4 Resilience index and applications

5.2.4.1 Traffic assignment

The static traffic assignment using user equilibrium (UE) model provides a reasonable and efficient
prediction of the average travel time and is widely adopted by many transportation agencies and researchers.
The mathematical formulation of UE can be given by

Minimize ¥ fy (W) do (5.12)
subject to

xi=2r252kfkrs ir,-li'Vi (5.13)

{Zkfkrsz%‘s: vr,s
s >0, Vs

(5.14)
where x; is the traffic flow on link i, i € link set A; t; is the travel time on link i; f° is the
traffic flow on the k'™ path connecting origin-destination (OD) pair r — s; i% is the indictor variable:

7% =1,iflink i ispartofthe k*® path connecting OD pair 7 — s, otherwise 83 = 0. g, is the travel

demand from r (origin) to s (destination) (Wardrop 1982).
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5.2.4.2 System resilience index

The total system travel time (TSTT) is proposed to reflect the efficiency of the transportation network

and is defined as

Xi ﬁ
TSTT = ¥, t;(x;) = ity (1 ta [C—] ) (5.15)
. . . D x1P\ . .

where C; is the traffic carrying capacity of link i; ¢, (1 +a [C—l] ) is from the Bureau of Public
Roads (BPR) function; @« and  are BPR function parameters with classical values of 0.15 and 4.0,
respectively (US Bureau of Public Roads 1964), but their values vary by link types according to recent
studies (Hou et al. 2017, 2019). In this study, the travel demand stays the same during the long-term

recovery period. So, the smaller TSTT’s value is, the more efficient the network will be in terms of travel

time. The efficiency indicator of the system is defined as

__ TSTT,

t = Torr (5.16)

where TSTT, and TSTT are for the pre-disaster period and long-term recovery period respectively.

The expected total system crash frequency (TSCF) is used to quantify the traffic safety risk of the
network, which is defined as:

The safety indicator of the system is defined as:

_ TSCF,
Ry =" (5.18)

where TSCF, and TSCF are for the pre-disaster period and long-term recovery period respectively.

The resilience index (RI) in this study is proposed to consider both traffic efficiency and safety
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performance:

RI =m.R; + (1 —m).R, (5.19)

where m is a weight parameter between [0, 1], which is usually defined by the stakeholders based on
the specific scenario and priority.
5.2.5 System reliability and post-earthquake restoration prioritization

5.2.5.1 System reliability

System reliability R is the probability that a system can maintain its functionality while suffering from

some extent of disruption. It is an important performance indicator for hazard resilience since it can provide

an estimation of the system serviceability including uncertainties and relative importance of different links

in terms of resilience performance, which is defined as:

R(e) =PRIy = &) (5.20)

where RI is the resilience index of the system; M is the size of the samples using heuristic method;

€ is the level-of-performance (LOP) of the disrupted transportation network specified by stakeholders, and

it is a ratio between 0 and 1 being used as a criterion to assess whether the reduced serviceability of the

disrupted network is acceptable or not.

5.2.5.2 Resilience-based post-earthquake bridge restoration prioritization

Due to usually limited resources, it is important for decision makers to optimize the resources on pre-

disaster preventive strengthening and post-hazard recovery efforts. Accordingly, the stakeholders often

would need to know the priorities of bridges in terms of these preventive and recovery efforts before and

after hazards. In addition, it is imperative to accommodate the uncertainties related to the seismic intensity,
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bridge fragility, travel time and safety during the assessment of the priorities. In this study, the restoration
priority of a bridge is not only related to the importance of the bridge to the network, which means the
difference between the performance indicators of the network when the bridge is intact, partially failed or
totally failed, but also affected by the required repair time of the bridge. If a vulnerable bridge has a great
impact on the network and takes relatively less time to repair, it should be prioritized during the restoration.
When considering the priorities of different bridges under a given state, a rational way is to optimize the
reconstruction sequence to maximize the resilience index Z over time:

Maximize Z = [ RI(t)dt (5.21)

where Z is the integration of the resilience index over the recovery time; T is the total recovery time

of the system which is defined as the sum of the repair times of all the damaged bridges.

The sequence rankings are direct indicators for the restoration priorities of bridges under a given state.
Among the damaged bridges, the smaller a bridge’s repair sequence ranking is, the higher prioritization the
bridge would receive. Considering the uncertainties in earthquakes and bridge failures, it is important to
apply the Monte Carlo Simulation or Latin Hypercube Sampling to generate possible damage states of the
bridges and develop the repair sequences of different bridges under each generated state. The mean
restoration sequence (MRS) of any bridge i considering uncertainties is defined as:

M .
MRS; = 2520m o € (1, M] (5.22)

where MRS; is the MRS of bridge i , M is the size of the samples using heuristic method, and

Seq; m is the restoration sequence of bridge i under scenario m. As discussed earlier, MRS incorporates
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the failure rates of different bridges. However, when planning the post-hazard restoration of damaged

bridges with limited resources, it is more meaningful for stakeholders to know which bridge to repair first,

and then which ones would be the next for any given damage scenario. Thus, it is necessary to eliminate

the effect of bridge failure rate on MRS when deriving the post-hazard restoration priority of bridges.
Therefore, the bridge priority index is defined as:

PR; = % , Pf, € (0,1) (5.23)

where PR; isthe post-hazard restoration priority index of bridge i, n is the number of bridges in the
network, and Pf; is the failure rate of bridge i. The bigger PR is, the higher prioritization the bridge
should receive. As a result, the proposed PR is a comprehensive prioritization indicator related not only
to the network topology and bridge locations but also to origin-destination matrix and bridge repair times.
5.3 Case study
5.3.1 Centerville transportation network

Fig. 5.3 shows the basic traffic network of a virtual community called Centerville located in
earthquake-prone areas (Ellingwood et al. 2016). Following existing studies on this virtual community, the
earthquakes are with Richter Magnitude between 5 and 7.25, depth of 10 kilometers and epicenter longitude
and latitude coordinates of [-97.20, 35.20]. Some basic information of the network is shown in Table 5.1
and the length of each link is calculated based on the geographic information of the community. There are
20 zones in the community. Each of the 20 nodes in Fig. 5.3 is the center of a zone in the community. Most
of the industry or companies are located in the I zones (industrial areas); most of the schools, universities,

markets, shopping centers and recreational facilities are in the P zones (Public areas); and most of the
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residents live in the R zones (residential areas). In this study, only bridge damages may cause the links to
be totally or partially disrupted. Nine out of the thirty-three roads/links are therefore vulnerable to
carthquakes due to the existence of bridges (87-B9) on these links (marked in Fig. 5.3). There are nine types
of bridges in the community: multi-span continuous (MSC) concrete, slab, and steel bridges; multi-span
simple supported (MSSS) concrete girder, concrete box girder, steel girder and slab bridges; and simple
supported (SS) concrete girder and steel girder bridges. The parameters in Table 5.1 are determined based
on the link information and the parameters in Tables 5.2-5.3 are derived from the microscopic traffic flow
simulation model. When comparing Centerville’s transportation network to real-world ones, it has the
similar size as a small to medium sized city’s transportation network. So, the population is assumed to be

120,000 based on the traffic capacity of the network.
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Figure 5.3 Transportation network of Centerville
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Table 5.1 Link characteristics

Link# | Zonel Zone2 Length No. of Bridges Bridge Bridge
(km) lanes longitudes latitude

1 I1 12 1.94 1 0

2 I1 P1 1.59 1 MSC Concrete -97.479543 35.256638
3 I1 R1 2.48 1 0

4 12 P2 1.62 1 0

5 12 P3 1.31 1 0

6 12 R1 1.55 1 0

7 13 14 1.62 1 0

8 13 P3 1.57 1 0

9 13 RS 2.02 2 0

10 14 I6 2.02 1 0

11 I5 P5 3.07 2 0

12 I5 R4 1.31 1 0

13 I5 R7 1.57 1 SS Steel -97.461509 35.226897
14 16 P6 2.88 1 MSSS concrete -97.460889 35.212719
15 16 RS 1.61 1 0

16 17 P6 2.21 1 0

17 17 R7 1.62 1 0

18 P1 R2 2.38 1 MSSS conc box -97.452268 35.197926
19 P1 R3 2.97 1 0
20 P2 P4 1.32 2 0
21 P3 P4 1.44 2 0
22 P3 R1 2.03 1 0
23 P4 P5 2.39 2 MSC Slab -97.459936 35.256156
24 P4 RS 1.68 2 0
25 P5 R3 1.31 2 0
26 P5 R6 1.91 2 MSSS slab -97.443390 35.221606
27 P6 R6 1.65 1 0
28 P6 R7 2.58 1 0
29 R2 R3 1.95 1 0

30 R2 R4 3.52 1 MSSS steel -97.427446 35.245770
31 R3 R4 3.07 1 SS concrete -97.430203 35.237922
32 RS R6 2.88 2 MSC Steel -97.413721 35.220139
33 R6 R7 1.99 1 0
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Table 5.2 Estimated parameters of BPR functions for normal traffic

Link# ty (min) «a B C (veh/h)

1 2.21 0.093 7.397 745
2 1.83 0.111 6.767 745
3 2.63 0.070 7.671 745
4 1.83 0.111 6.767 745
5 1.57 0.100 7.761 745
6 1.83 0.111 6.767 745
7 1.83 0.111 6.767 745
8 1.83 0.111 6.767 745
9 2.21 0.093 7.397 1490
10 2.21 0.093 7.397 745
11 3.11 0.052 8.054 1490
12 1.57 0.100 7.761 745
13 1.83 0.111 6.767 745
14 3.11 0.052 8.054 745
15 1.83 0.111 6.767 745
16 2.21 0.093 7.397 745
17 1.83 0.111 6.767 745
18 2.63 0.070 7.671 745
19 3.11 0.052 8.054 745
20 1.57 0.100 7.761 1490
21 1.57 0.100 7.761 1490
22 221 0.093 7.397 745
23 2.63 0.070 7.671 1490
24 1.83 0.111 6.767 1490
25 1.57 0.100 7.761 1490
26 2.21 0.093 7.397 1490
27 1.83 0.111 6.767 745
28 2.63 0.070 7.671 745
29 2.21 0.093 7.397 745
30 3.63 0.066 6.904 745
31 3.11 0.052 8.054 745
32 3.11 0.052 8.054 1490
33 2.21 0.093 7.397 745
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Table 5.3 Estimated parameters of BPR functions for disrupted traffic

Link# t, (min) a B C (veh/h)

23 2.67 0.273  4.267 820
26 2.25 0.3063 4.344 820
32 3.15 0.2429 4.106 820

According to Egs. (5.3-5.4), the peak ground acceleration (PGA) can be estimated using seismic
attenuation laws. In this study, we employed the seismic attenuation law developed by Atkinson and Boore
(1995). Their ground motion relation works for earthquakes with 4 < M; < 7.25 and epicentral depth of
10km and the mean PGA is estimated as:

log(PGA) = ¢; + c,(M, — 6) + c3(M;, — 6)2 —logR, — c4R, (5.24)

where M; isthe Richter magnitude; R, is the epicentral distance; c;, c,, C3,and c, are parameters
from regression analysis. According to the study by Atkinson and Boore (1995), c¢; = 3.79, ¢, = 0.298,
c3; = —0.0536, c, = 0.00135 are adopted here primarily for demonstration purposes. For a specific
region with sufficient historical data, more site-specific parameters can be used after calibration. It is
assumed in this study that M; is a uniformly distributed random variable.

In Eq. (5.1), Nielson and DesRoches (2007) defined bridge fragility as the probability that the seismic
demand meets or exceeds its capacity. The median PGA value med; and dispersion (; of different

damage states are shown in Table 5.4.

Table 5.4 Median and dispersion values for seismic fragility curves of nine bridge classes (Nielson &

DesRoches 2007)
Median PGA Values (g) . .
) - Dispersion (;
Bridge Class Extensive med; Complete med;
MSC concrete 0.75 1.03 0.7
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MSC slab 0.78 1.73 0.7

MSC steel 0.39 0.5 0.55
MSSS concrete 0.83 1.17 0.65
MSSS concrete box 1.19 2.92 0.75
MSSS slab 0.94 1.92 0.75
MSSS steel 0.56 0.82 0.5
SS concrete 2.62 3.64 0.9
SS steel 1.52 2.49 0.55

We take afternoon rush hour (5:00pm-6:00pm) as the study period. The origin-destination data is

estimated by the Memphis travel demand model of Metropolitan Planning Organization (MPO) (Kimley-

Horn et al., 2007). There are nine trip purposes including journey to work, home based school, home based

university, home based shopping, home based social-recreational, home based pickup/drop-off, home based

other, non-home based work and non-home based non-work. Some of the travel demand information is

presented in Table 5.5. The population of the Memphis area is around 1,000,000. In the Memphis MPO

model (Kimley-Horn et al., 2007), a survey was conducted about the transportation modes of people’s trips.

About 99.8% of the trips are auto-based (drive alone, shared ride, bus, etc.). The average occupancies of a

shared ride and a bus are 2.4 and 7.2, respectively, according to Henao and Marshall (2019) and Federal

Highway Administration (2018). The number of vehicle trips for every trip purpose of Centerville during

the afternoon rush hour is estimated from the MPO model, assuming it has the same demographic properties

as the Memphis area except for population size. Table 5.6 lists the nine simplified trip purposes for

Centerville. For any trip classification, if there are more than one origin-destination pairs, the trips will be

evenly distributed between two different OD pairs due to the lack of more specific information. Table 5.6

is based on people’s typical trip behavior, e.g., journey to work trips is classified as trips from industrial

areas to residential areas because “go home from work™ is very typical during the afternoon rush hour. The

origin-destination data is randomly assigned to different OD pairs based on the estimated trips among the
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residential, industrial, and public areas, and the related information is shown in Table 5.7.

Table 5.5 Memphis area travel demand information (Kimley-Horn et al., 2007)

Trip Purpose Daily total trips Intrazonal trip % PM rush hour %
Journey to work 949,895 0.027 0.123
Home based school 334,407 0.056 0.044
Home based university 50,197 0.057 0.044
Home based shopping 199,141 0.101 0.086
Home based social recreational 218,306 0.056 0.086
Home based pickup/drop-off 182,627 0.074 0.086
Home based other 546,012 0.011 0.086
Non-home based work 122,174 0.075 0.037
Non-home based non-work 457,157 0.055 0.037

Table 5.6 Simplification of nine trip purposes

Trip Purpose Trip origin and destination Classification
Journey to work work to home Industrial to Residential
Home based school
L. public to home Public to Residential

Home based university
H based shoppi

ome based s oPplng . home to/from public Residential to/from Public
Home based social recreational
Home based pickup/drop-off Residential to/from

Between home and an
Y residential, public, and

Home based other other places ) )

industrial areas
Non-home based work work to public Industrial to Public
Non-home based non-work intra public Public to Public

Table 5.7 Origin (column 1)-destination (row 1) data of afternoon rush hour

p P P P P

P
In 12 I3 14 15 16 17 Rl R2 R3 R4 RS R6 R7
1 2 3 4 5 6
10 10 11
11010001055345219838190395
11 12
122000011444463299198889993
11 10 10
B|yo o o 1 0 O O 5 5 5 4 3 3 68 91 88 82
8 9 9
10 10
I40010001354455967849884492
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10 12 10 10
5|1 0 0 0 0 O O 3 5 4 5 4 6 81 76 86
2 3 5 1
10 10 10
6|1 0 0 2 2 0 0 4 4 4 4 5 4 77 5 7 99 86 90 |
10
I7jo 1.0 0 1 O O 4 4 3 6 5 5 8 9 95 9 60 &9 3
2 1 2 1 2
ptf1r 0 0 O O 1 0 O 50 53 48 47 52 42 42
56 1 5 1
3 2 2 2 1
p2(2 1 0 0 1 0 1 0 31 46 47 47 35 35 31
1 8 2 6 9
2 1 1 2 1
P3(0 0 0 O O O O 0 49 43 50 41 42 47 35
0 2 5 3 9
1 2 1 1 1
P40 0 O O 0 1 1 0 39 49 45 40 46 32 46
9 4 3 3 4
2 2 2 2 1
P5{0 0 0 2 1 0 1 0 41 41 44 51 32 36 32
5 0 2 1 8
2 1 3 2 1
p6f0 1 1 1 2 1 O 0 53 40 47 41 45 35 45
3 6 2 4 8
R 1 1 1 3 2 1 2 2 3
9 5 5 8 0 29 31 14 34 15 13
1 5 2 2 9 8 8 6 7 5
R 1 1 2 2
8 9 3 8 9 53 53 18 0 4 23 25 22 20
2 0 2.9 7 7 9 0 2
R 1 1 1
6 7 7 503 3 33 19 9 0 22 25 15 19
315 2 1 2 0 9 6 2 5 8
R I 1 1 1 2
8 5 6 033 39 16 19 11 0 19 13 26
4 0 3 0 O 7 5 3 2 0 5
R 1 2 4
&8 7 7 8 5 303038 10 21 15 16 0 16 17
5 0 0 &8 2 4 4 1 7
R 1 1 4 3 2 2 4 2
5 4 8 6 9 18 17 20 25 16 0 18
6 1 1 2 0 6 8 0 9
R I 1 1 1 1 4 2
8 333324 12 19 22 14 21 O
7 4 2 2 1 3 8 0 2 5 4 1 0

For the virtual community adopted in this study, the traffic crash data as well as detailed traffic volume

data are not available. Without losing generality in the demonstration, the assumed observed number of

traffic crashes (NTC) during afternoon rush hour over 1 year is shown in Table 5.8, where AHT is the

average hourly traffic and it is from the traffic assignment of the OD matrix in Table 5.7; L,,, and ¢t,,

are the length and the construction time of the work zone; L, is the link length; and t,, is the
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observation time (1 year for this case). Poisson regression (Eqgs. (5.9-5.11)) analysis gives coefficients § =
—0.12754; 0.4382; 0.1449; 0.8198; 0.7548 for constant, AHT, Ljnk, Lwz/Link and ty, /top,
respectively. In this study, it is assumed that there is no work zone in the pre-disaster period and the work
zones during the long-term recovery period are only caused by the bridges suffering extensive and complete
damage states which need repair. The ratios of bridge lengths to their link lengths are randomly generated

between [0.05, 0.15].

Table 5.8 Parameters and observed number of crashes of the system
Link# AHT (k) Ljynk Lwz/Liink  twz 'top NTC(1 year)

1 0250 1945  0.037 0.547 2
2 0993 1594  0.078 0.139 2
3 0204 2.482  0.659 0.149 3
4 0.062 1.625  0.556 0.258 2
5 0.529 1312  0.254 0.841 3
6 0.143 1548  0.760 0.254 3
7 0.042 1.621 0.028 0.814 2
8 0.687 1574  0.351 0.244 2
9 0.486  2.023 0.305 0.929 4
10 0.200  2.023 0.612 0.350 3
11 0.341 3.065 0.636 0.197 3
12 0.855 1312  0.149 0.251 2
13 0385 1574  0.392 0.616 3
14 0423 2882  0.356 0.473 3
15 0.543 1.605  0.517 0.352 3
16 0269 2207  0.567 0.831 4
17 0376 1.620  0.604 0.585 3
18 0350 2376  0.221 0.550 3
19 0.766 2969  0.544 0.917 6
20 0338 1324  0.524 0.286 2
21 1.521  1.441 0.130 0.757 4
22 0.666 2.032  0.095 0.754 3
23 1.750  2.391 0.399 0.380 5
24 0.640 1.680  0.768 0.568 4
25 1.702 1312 0272 0.076 3
26 0943 1908  0.468 0.054 3
27 0.545 1.651 0.179 0.531 3
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28 0480 2.584  0.601 0.779
29 0228 1949  0.204 0.934
30 0.104 3.519  0.405 0.130
31 0.403  3.065  0.559 0.569
32 0.608  2.881 0.713 0.469
33 0.598 1992  0.767 0.012

W A~ B~ D W W

With LOP ¢ = 0.8and m = 0.5, Monte Carlo approach is used to simulate the PGA with 1,000,000

samples and Latin Hypercube sampling is adopted to simulate bridge damage states with 1,000 samples.

Applying Egs. (5.12-5.20) through Matlab simulations, the results are shown in Table 5.9 and Figs. 5.4-

5.6. It is found from Table 5.9 that the increase of the TSTT in terms of percentage is similar to but a little

less than the increase of TSCF as compared to the respective pre-disaster values, TSTT, and TSCF,. It

is likely because traffic crashes are very sensitive to the presence of work zones, which is in accordance

with the large coefficient values for L,,,/Lju, and t,,, /t,,. Figs. 5.4-5.6 show that the post-hazard

TSTT and TSCF for most sampled scenarios are concentrated within small ranges near TSTT, and

TSCF, respectively and the system RI values are mostly close to 1. This phenomenon is mainly due to the

low failure rate of the bridges when the Richter magnitude is low. In Fig. 5.4, when TSTT is between 160

and 205, the cumulative distribution function (CDF) increases slowly. It may be because the failures of a

certain bridge or specific combinations of bridges just have a very limited impact on the system travel time.

If a vulnerable link has some alternative routes with similar travel time, its failure may not significantly

impair the traffic efficiency of the system. Compared to Fig. 5.4, Fig. 5.5 has a smoother increase in the

curve possibly because TSCF is very sensitive to the existence of work zones, which complies with the

coefficient values of the Poisson regression. For instance, if some links as discussed above are partially

closed, the system travel time doesn’t increase considerably, but the number of traffic crashes may increase

because of the existence of work zones.
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Fig. 5.6(a) shows that CDF has almost no increase from 0.5-0.65 and 0.9-1, a slow increase from 0.65-

0.8, a rapid increase from 0.8-0.9, and a dramatic increase at 1. Since the resilience index is based on both

TSTT and TSCF, such phenomena can be explained by the observed trends in the CDF curves of TSTT and

TSCF. We fit the system resilience to various probability distributions and found out that Beta distribution

had the best fit. Fig. 5.6(b) shows Beta distribution fits the system resilience very well at most points. So,

the Beta distribution may be used to estimate the system resilience with the proposed methodology.

Table 5.9 System indices

System index Value
Pre-disaster TSTT, (min/hour) 150.85
Pre-disaster TSCF, (/year) 59.66

Post-hazard mean TSTT (min/hour) | 171.50

Post-hazard mean TSCF (/year) 68.80
Increase in TSTT (%) 13.69
Increase in TSCF (%) 15.32
System reliability 0.85
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Figure 5.4 Cumulative distribution of TSTT
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Figure 5.6 Distribution of system resilience index

The impacts of earthquake intensity and LOP on the system reliability are also studied and the results
are presented in Figs. 5.7-5.8. It is found in Fig. 5.7 that the system reliability R decreases slower at lower
earthquake intensities and then decreases faster but almost linearly at higher magnitudes. As expected, a
stronger earthquake will cause a higher chance of damages on the bridges, and in turn lower the system
resilience index and reliability of the whole system. Apparently when the earthquake intensity is low, almost
no bridge fails, which may be the reason for the slower drop in the system reliability at the lower
magnitudes. In Fig. 5.8, it is found that the system resilience index remains stable around 1 when the level-
of-performance (LOP) is low. It is because the network remains a certain level of functionality, even under
the worst bridge damage situations. So, the network meets the low LOP in almost all the sampled damage
scenarios. Then system reliability slowly decreases when LOP is between 0.6-0.8. It is because some
severely damaged scenarios can no longer meet the increasing LOP. The failures of the most important
bridges or bridge combinations happen during this interval, and the damage of any of these bridges or bridge

combinations will greatly reduce the system performance. When the LOP is between 0.8-0.9, the system
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reliability quickly decreases, representing a deteriorating condition from the system resilience perspective.
It means when the LOP is high, the network with failures of even a very limited number of bridges cannot
maintain the required performance criterion. The selection of LOP value in this interval will ensure the

network doesn’t suffer any major damage and remains a very high level of functionality.
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Figure 5.7 System reliability as a function of Richter magnitude

08 | i

o
o
T
I

System Reliability
o
N
T
|

02 L 4

|
0.4 0.5 0.6 0.7 0.8 0.9 1
Level-of-Performance

Figure 5.8 System reliability as a function of level-of-performance
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5.3.2 Post-earthquake bridge restoration prioritization

Due to the relatively low failure rates for bridges, none or just few of the bridges are damaged in most
of the possible states generated from Latin Hypercube sampling. In this case, we would restore the damaged
(extensive damage or worse) bridges in the best sequences while the restoration sequences of fully
functional (less than extensive damage) bridges are set to be the last- 9 (the total number of bridges in the
network). Assuming the repair time for bridges B1 to B9 are 98, 74, 99, 90, 79, 83, 85, 97, and 77 days
respectively if they are damaged, the optimization is conducted based on Egs. (5.21-5.23) following the
Greedy Algorithm, and the result is presented in Fig. 5.9. It is found that Bridge 9 on link (I5, R7) has the
highest priority due to the network topology, bridge location, etc. From Fig. 5.3 and Table 5.2, we can tell
Bridge 9 is very important to the trips between OD pairs including (I5, R7), (R4, R7), (I5-17), (P6, 15), (P6,
R4), (17, R4) and so on. All these trips don’t have alternatives with similar travel time. Among these OD
pairs, (IS5, R7), (P6, R4), (17, R4), and (R4, R7) have considerable number of trips. A great increase in the
travel time and the number of traffic crashes can be expected when Bridge 9 suffers extensive or complete
damages. Similarly, Bridge 3 has the least priority because of the relatively insignificant location in the
graph in terms of travel time and safety. Fig. 5.3 and Table 5.2 show trips that need to go through link (RS,

R6) have many alternative routes to choose with similar travel times.
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Figure 5.9 Post-hazard restoration priority for different bridges

5.4 Conclusions

Long-term recovery is a very important stage following any major hazard or incident. A framework of

modeling resilience-related performance of a transportation network was developed from both travel time

and traffic safety perspectives. In the model, uncertainties in the earthquake information and fragility of the

bridges were addressed to simulate real-world earthquake scenarios and possible disconnected or partial

functioning bridges. A resilience performance indicator was introduced to evaluate the overall travel time

and safety performance for the whole network and a bridge restoration prioritization index was proposed to

evaluate the relative restoration priorities of different bridges in a traffic network. The priority information

of bridges can help developing more efficient post-hazard long-term recovery strategy by keeping those

bridges robust and functional in the long-term recovery stage. Based on the long-term recovery performance

in terms of travel time and safety, the proposed model can assist on developing rational long-term recovery

plan for a community with some partially functional bridges. Finally, the proposed framework was

demonstrated in a hypothetical community located in earthquake-prone areas vulnerable to extensive
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earthquake attacks. This study has two main innovative contributions: (1) simulating the traffic performance

of road segments with partially closed bridges in the network performance assessment, which helps capture

the time-progressive recovery process; and (2) integrating both travel time and traffic safety into the

resilience quantification and recovery prioritization. Despite the approximations and relatively simpler

models being adopted, it is noted that the proposed approach is general enough to be extended to more

advanced models with more site-specific data without losing generality.

This study also has some limitations. The traffic crash frequency was estimated with Poisson model

due to the popularity, simplicity, and low requirement of site-specific data. There are some more advanced

traffic crash frequency modeling techniques which can be applied in the proposed framework when more

site-specific historical crash data are available. Also, due to the lack of data and computation complexity,

we didn’t consider the deterioration process of bridges (Garcia-Segura et al., 2017) and the interdependency

between the transportation network and other lifeline systems, which can also be important for studying

community resilience. Following the proposed methodology, more insightful and advanced studies on a

community can be conducted in the future once more site-specific data becomes available. For example,

more advanced traffic safety modeling techniques like Negative Binomial model and comprehensive site-

specific traffic accident data can be applied to estimate the community's traffic crash frequency. Dynamic

traffic assignment algorithms can be adopted to model the changes of travel demand and traffic flow during

a day instead of just focusing on the traffic performance during the afternoon rush hour.
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CHAPTER 6 TRANSPORTATION RESILIENCE MODELING AND BRIDGE RECONSTRUCTION
PLANNING BASED ON TIME-EVOLVING TRAVEL DEMAND DURING POST-EARTHQUAKE
RECOVERY PERIOD?

6.1 Introduction

After major earthquakes, the communities may experience time-evolving population in terms of size
and distribution and varying travel demands along with the displacement and recovery of residents caused
by the damage and restoration of dwelling units. The community transportation can be significantly affected
if the changes in population size and distribution are considerable. As a result, the post-hazard infrastructure
reconstruction process is essentially like urban replanning to meet the realistic traffic needs of the remaining
and recovering residents and further maximize the sustainability of the community. To fill the gap in
existing studies that considered the travel demand as fixed during the long-term recovery stage, it is
important to investigate the effects of time-evolving travel demand on transportation resilience modeling
and bridge reconstruction planning during the post-earthquake recovery period. A new methodology is
proposed to analyze such impact by assessing the time-dependent resilience performance of transportation
networks during the post-earthquake recovery stage. Traffic efficiency and safety are the two resilience
performance indicators used to evaluate the transportation network. A post-earthquake infrastructure
restoration planning is conducted using a heuristic algorithm based on the time-dependent resilience

performance indicator. A demonstrative case study is carried out at Shelby County, Tennessee.

5 This chapter is submitted to a journal as a paper that is currently under review (Wu and Chen 2023c).
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This chapter is to investigate the time-dependent transportation resilience modeling and reconstruction

planning during the post-carthquake recovery stage to close existing research gaps. The contributions of

this study include (1) modeling more realistic time-dependent travel demand of the community during the

post-earthquake recovery stage; (2) conducting the reconstruction planning with a focus on meeting the

realistic demands of the current/remaining and future/recovering residents. Specifically, both the time-

evolving population size and distribution are simulated based on hazard-induced building damages, public

shelter information, community demographics, and building recovery information. The time-evolving

travel demand is further estimated based on the time-evolving zone population, community demographics,

and a verified travel demand model in the case study area.

6.2 Methodology

This study proposes a methodology to quantify the resilience performance of transportation networks

during the post-earthquake recovery stage by incorporating the time-dependent travel demand of the

community and support the reconstruction planning of damaged transportation infrastructure. As presented

in Fig. 6.1, the model begins with the given earthquake information (location, intensity, etc.) to generate

the bridge and building damage scenarios using the seismic attenuation function (Atkinson and Boore 1995)

and fragility curves of structures (Nielson and DesRoches 2007). Building damages are used to estimate

the total displaced population (Hazus 2020) and the initial travel demand using the trip generation model

(Kimley-Horn et al. 2007). Building recovery reflects the restoration progress of dwelling units, which is

used to estimate the recovery of the dislocated residents and the time-dependent population size and

distribution, and travel demand (Hazus 2020).
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In Fig. 6.1, bridge damage scenarios are related to link functionalities based on existing studies (Zhang
et al. 2019) and are generated using the Latin Hypercube sampling method. The time-dependent link travel
time and traffic flow can be estimated using traffic assignment methods, the sampled link functionality
scenarios, and the time-evolving travel demand (Wardrop 1952). The traffic flow and traffic accident
models based on the community’s historical traffic crash data can be used to derive the expected traffic
accident frequency (Washington et al., 2010). The expected time-dependent resilience index is defined
based on system travel time, traffic accident frequency, and bridge damage uncertainty. Finally, the optimal
bridge reconstruction planning can be derived using heuristic algorithms based on the proposed resilience

index. Fig. 6.1 shows the detailed process of the methodology.

Rk o o s
.  Input: Building !
b Community +  m—
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demographics : - . .
I—_-'%L" i v i Time-dependent Trip generation
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6.17) e . . i o N b 4
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Figure 6.1 Flowchart of the model

165



Table 6.1 List of notations

Variables
ADT;
bres
Ci
DH;

%SF;
%SFC;
%SFE;
%SFM;

SFU,

STP;
STP;

TAF
TAF,
TAF,

Description
Average daily traffic per lane of road segment i
Resource constraint for reconstruction planning
Traffic capacity of road i
Number of total dislocated households of zone i
Total number of households for zone i
Initial total number of households for zone i at the beginning of recovery
Number of households of zone i at recovery time ¢t
Length of link/road segment i
Weight parameter
The set of all sampled network damage scenarios
Median peak ground acceleration value of damage state i
Parameter related to multi-family dwelling units damage states
Possibility for multi-family residential buildings suffering complete damage
Possibility for multi-family residential buildings suffering extensive damage
Possibility for multi-family residential buildings suffering moderate damage
Total numbers of multi-family dwelling units in zone i
Richter magnitude
Total number of damaged bridges
Number of displaced households move to the public shelter in zone i
Number of shelters in the community
Number of zones in the community
Mean peak ground acceleration
Community population at the pre-hazard stage
Community population at recovery time t
Traffic volume on road i
Epicentral distance
Percentage of recovered dwelling units of zone i at time t
Time-dependent resilience index
Parameter related to single-family dwelling units damage states
Possibility for single-family residential buildings suffering complete damage
Possibility for single-family residential buildings suffering extensive damage
Possibility for single-family residential buildings suffering moderate damage
Total numbers of single-family dwelling units in zone i
Number of people from zone j that are assigned to the public shelters in zone i
Number of people moving from zone j to public shelters
Total recovery time of the system
Expected total accident frequency of the system
Expected total accident frequency of the system at the pre-hazard stage
Expected total accident frequency of the system at recovery time ¢t
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A

Travel time of the road i

Free-flow travel time of road i

Travel time of link i in sampled damage scenario s

Average household trip production of zone i

Total trip production of zone i at recovery time t

Total travel time of all links

Total travel time of all links at the pre-hazard stage

Total travel time of all links at recovery time t

Default value for completely damaged multi-family dwelling units
Default value for extensively damaged multi-family dwelling units
Default value for moderately damaged multi-family dwelling units
Default value for completely damaged single-family dwelling units
Default value for extensively damaged single-family dwelling units
Default value for moderately damaged single-family dwelling units
Vector of explanatory variables for traffic accident regression
Binomial variable specifying if bridge i is being repaired at time ¢
BPR function parameter

Vector of estimable parameters for traffic accident regression

BPR function parameter

Error term for traffic accident regression

Dispersion of damage state i

Expected number of accidents per unit time on road i

The expected number of traffic accidents of link i in sampled damage scenario s

6.2.1 Seismic vulnerability and household displacement

6.2.1.1 Seismic intensity measure and structural damage

As a popular earthquake intensity measure, the peak ground acceleration, PGA, of a given location

can be estimated using the attenuation laws in existing studies based on the fault information such as Richter

magnitude (M) and epicentral distance (R) (Campbell 1981). Typical attenuation laws are expressed as:

PGA = f(M,,R) (6.1)

The seismic fragility of structures (buildings and bridges, etc.) can be defined as the probability of

occurrence of a given infrastructure damage state under given intensities of earthquakes, e.g., PGA. The

failure in terms of a limit state is defined as the excess of the limiting values of the structural performance
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indicators. Based on the failure severity level, the damage states for bridges and buildings are usually

divided into five types: no damage, slight/minor damage, moderate damage, extensive damage, and

complete damage (Nielson and DesRoches 2007; and Hazus 2020). The damage states of buildings and

bridges can be used to estimate building habitability and link functionality. The population size and

distribution and the initial travel demand at the beginning of the recovery stage can be calculated based on

the building damage states.

6.2.1.2 Household displacement

The damaged dwelling units may result in an estimable number of displaced households. These
households may need immediate shelters such as family or friends’ houses, rental homes, and public shelters.
For the convenience of estimation, two types of displaced households are assumed in this study: those
moving to temporary homes out of the community and those moving to public shelters within the
community. Households moving out of the community are considered to relocate to and live in their new
communities/cities, while households moving to shelters within the community are assumed to have the
same travel habits as the residents in those zones where the public shelters locate. The public shelters may
be in different zones from those before the hazard. For both types of displaced households, it is assumed
they will move back when their pre-hazard dwelling units are repaired. For each zone, the number of total
displaced households is estimated as (Hazus 2020):

My (6.2)

DH; = (SFU; X %SF; + MFU; X %MF;) * (m

where for zone i, DH; is the number of total displaced households; SFU; is the total number of

single-family dwelling units; MFU; is the total number of multi-family dwelling units; HH; is the total
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number of households. All these data are included in the demographics of a community (U.S. Census

Bureau 2019). %SF; and %MF; are parameters related to the building damage states (Hazus 2020),

which are defined as:

%SFL = WSFM X %SFML + WSFE X %SFEL + WSFC X %SFCL (63)

where %SFM;, %SFE;, and %SFC; are the probabilities of single-family residential buildings

suffering moderate, extensive, and complete damage states, respectively. Similarly, Y%oMFM;, Y%MFE;,

and %MFC; are the probabilities for multi-family residential buildings suffering moderate, extensive, and

complete damage states, respectively. Wepn, Worg, Wsres Wyrm> Wyrg, and Wype are the default

values for moderately, extensively, and completely damaged single- and multi-family dwelling units with

values of 0, 0, 1, 0, 0.9, and 1, respectively.

According to Hazus (2020), the number of households displaced to public shelters within the

community for a given zone can be estimated based on its population size and the income, ethnicity, home

ownership, and age distribution of the residents in the zone. Thus, the number of households displaced to

other cities can be estimated by deducting the households displaced to public shelters from the total

displaced households. The estimated household displacement information can be used to derive the initial

population size and distribution of the community at the beginning of the post-earthquake recovery stage.
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6.2.2 Time-evolving population and travel demand

6.2.2.1 Time-evolving population

To estimate the time-evolving population size and distribution of the community and further derive the

travel demand, the reconstruction of damaged dwelling units needs to be introduced to simulate the recovery

of the displaced residents. After an earthquake, restoring damaged buildings is part of the community's

recovery process. Given the distributions of the recovery time of buildings with different damage states,

the population of each zone at any given recovery time t can be estimated by assuming residents will

move back immediately after their damaged dwelling units are restored. Based on Eq. (6.2), the initial total

households for zone i after dislocation is:

HEE0 = {HHL- — DH;, Zone i has 0 public shelter 6.5
¢ 7 |HH; — DH; + ND;, Zone i has public shelter(s) (6.5)
Y17STP; = Y°ND; (6.6)

where ND; is the number of displaced households that move to the public shelter in zone i; n, is
the number of zones in the community; STP; is the number of people moving from zone j to public
shelters; ng is the number of shelters in the community. Considering distance can be a significant factor
for the shelter choice of displaced residents, this study reasonably assumes that the residents who need
public shelters will seek temporary housing at the closest public shelter until it is full. Based on this
assumption, ND; is calculated using linear programming.

According to Hazus (2020), the mean recovery time of single-family and multi-family dwelling units
is listed in Table 6.2. Following existing studies, this study assumes the recovery time of dwelling units

follows a lognormal distribution with a covariance of 0.4 (Lin and Wang 2017).
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Table 6.2 Building recovery times in days (Hazus 2020)

Recovery time

Occupancy class Structural damage state

None Slight Moderate Extensive Complete

Single-family
dwelling 0 5 120 360 720
Multi-family dwelling 0 10 120 480 960

As assumed above, the displaced residents will return to their pre-hazard dwelling units soon after the
buildings are restored to the habitability criterion. The total households of zone i at time recovery time ¢t
can be estimated as:

HHF=° + %RDU} = DH;, Zone i has 0 public shelter

- 6.7
HHE® + %RDU} *« DH; — 2 %RDUf * STP;j, Zone i has public shelter(s) ©6.7)

HHf:{

where HH} is the number of households of zone i atrecovery time t; %RDUf is the percentage of
recovered dwelling units of zone i at time ¢; and STP;; means the number of people from zone j that
are assigned to the public shelters in zone i. %RDU} can be derived based on the recovery time (Table
6.2) and the specified distribution information. The time-dependent number of households, HH, can be
used to estimate the travel demands of the community at any time during the recovery stage.

6.2.2.2 Time-dependent travel demand

The recovery stage can last up to several years after major earthquakes. Unlike the usually sudden,
short, and intense post-earthquake emergency response stage that can easily disrupt almost all regular travel
plans (Wu and Chen 2023b), the relatively long-lasting recovery stage may allow the remaining residents
to keep up their daily activities despite the ongoing reconstruction of the damaged infrastructures (Chang
et al. 2012). The Memphis Metropolitan Planning Organization (MPO) developed a travel demand model

in the Long-Range Transportation Plan for the Memphis region. They used trip generation, trip attraction,
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and the trip distribution matrix based on the gravity model to derive the travel demand of the region, the
model settings of which have been verified to be reliable (Kimley-Horn et al., 2007).

According to the Memphis MPO travel demand model (Kimley-Horn et al. 2007), there are nine typical
trip purposes, including journey to work, home-based school, home-based university, home-based shopping,
home-based social-recreational, home-based pickup/drop-off, home-based other, non-home-based work,
and non-home-based non-work. For household trip production, the numbers of trips generated for different
purposes are related to at least two of the following parameters: number of persons in a household, number
of persons aged 0-17 in a household, number of workers in a household, and number of vehicles in a
household (Kimley-Horn et al. 2007). Based on the Memphis MPO model, the total trip production of a
given zone at any recovery time can be estimated as:

TP} = TP « HH! (6.8)

where TP} is the total trip production of zone i at recovery time t; TP/ is the average household
trip production of zone i derived using the Memphis MPO model (Kimley-Horn et al. 2007) with the
demographics of the zone (U.S. Census Bureau 2019).

For the trip attraction of each zone, the number of attracted trips for each purpose is related to one or
more of the following parameters of the zone: total employment, school enrollment, university enrollment,
retail employment, service employment, total households, and office employment (Kimley-Horn et al.
2007). All the above-mentioned zone information is available in the demographics of a community (U.S.
Census Bureau 2019). This study follows the Memphis MPO model for travel demand estimation. A

commonly used method, the gravity model (Erlander and Stewart 1990), is adopted for trip distribution.
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The factors used to determine the trip distribution matrix are travel distances and production-attraction

dummies.

Based on the estimated daily travel demand, the origin-destination (OD) matrix will be derived during

the study period according to the historical time-of-day travel data of the Memphis area. Similarly, a mode

choice logit model is adopted to estimate the percentage of vehicle-based trips. The factors considered in

the mode choice logit model are origin-destination highway distance, production-attraction zone types (e.g.,

CBD, urban, suburban, and rural), and household auto ownership. The derived time-dependent OD demand

during the study period can be used with various traffic assignment methods (e.g., Wardrop 1952) to get

the link travel time and traffic accident frequency of the community.

6.2.3 Travel time and safety for roads with work zones

6.2.3.1 Modified Bureau of Public Roads function

Damaged bridges may disrupt road links following earthquakes and create work zones. According to

Padgett and DesRoches (2007), bridges with extensive damage can recover 50% of their capacities in one

week after the disaster. Considering the recovery stage usually does not start immediately after earthquakes,

the results from their research will be applied in this study. We focus on two-way two-lane roads (two lanes

in each direction), which are common in the US. In this study, a two-way two-lane bridge is deemed fully

closed if it is completely damaged; and one lane in each direction remains open if the bridge suffers

extensive damage to reflect the 50% capacity. With extensive damage, since one lane in each direction on

the bridge will be closed, the link will be degraded into a road essentially with “work zones” in both

directions (Fig. 6.2). As a result, there are three typical traffic scenarios for two-way double-lane roads:
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normal four-lane traffic, disrupted traffic with work zones on the bridge (Fig. 6.2), and fully closed to

traffic.
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EXTENSIVELY DAMAGED BRIDGE

Figure 6.2 Traffic pattern for a road with work zones

Significant difference exists between the travel patterns of normal roads and those with work zones.
To consider the impact of work zones on travel time, a modified Bureau of Public Roads (BPR) function is
adopted from an existing study (Zhang et al. 2019) to estimate the travel time of roads i in Fig. 6.2. The

travel time function for road i can be expressed as:
0 qi Pe
=t'[1+a (C—) ] (6.9)

where t; is the travel time of the road i; t is the free-flow travel time of the road; g; is the traffic
volume on the road; c; is the traffic capacity of the road; ¢ and [, are BPR function parameters.
Different from the default values of 0.15 and 4.0 for & and [, for normal roads, these parameters have
values of 1.429 and 4.293, respectively, for road i with the traffic pattern as specified in Fig. 6.2 (Zhang
et al. 2019). According to the US Highway Capacity Manual (TRB 2010), the ideal capacity of one intact

lane is usually assumed to be 2,000 vehicles. Zhang et al. (2019) have confirmed that Eq. (6.9) works when
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the ratio of heavy vehicles is not higher than 10%. Since trucks and heavy vehicles account for 4.2% of the

highway vehicles (Sprung 2018), the BPR function can be applied in this study.

6.2.3.2 Work-zone traffic accident estimation

For the road scenario in Fig. 6.2, the changed traffic pattern will affect traffic accident frequency
(Garber and Zhao, 2002; La Torre et al., 2017; Pigman and Agent, 1990; Weng and Meng, 2011; and Yang
et al., 2015). As an important topic that has been widely investigated, work zone traffic safety can be as
important as traffic efficiency to travelers. The Poisson regression model has been used for traffic accident
counts but with a significant limitation: the mean and standard deviation of accidents need to be close. To
handle the over-dispersed accident data, negative binomial regression is often used as an alternative for
discrete and nonnegative events. According to Washington et al. (2010), for the negative binomial
distribution, the expectation of the number of accidents on road i is:

AL‘ = eﬁxi+£i (610)

where A; is the Poisson parameter for road i, which is equal to the expected number of accidents per
unit time on road i; x; is a vector of explanatory variables; [ is a vector of estimable parameters;
EXP(g;) is a gamma-distributed error term (Washington et al. 2010). For work zone traffic accidents, the
explanatory variables may include link length, light conditions (daytime or nighttime), adjusted traffic
volume, posted speed limit, speed reduction to the normal speed limit, the number of open lanes, the number
of lane closures, road type, the number of ramps, and the number of intersections within the work zone
(Ozturk et al., 2013). It should be noted that the explanatory variables for normal roads are usually different

from those of work zones.
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6.2.4 Resilience index and reconstruction planning

6.2.4.1 Time-dependent resilience index

The expected total travel time (TTT) is one of the commonly used system performance metrics in
transportation engineering to characterize the efficiency of a transportation network:

_ EsZitf
TTT = TV (6.11)

where t is the travel time of link i derived from Eq. (6.9) and traffic assignment methods in
sampled damage scenario s; and M is the set of all sampled network damage scenarios. Similarly, the
expected total accident frequency (TAF) of the system is used to quantify the traffic safety risk of the
network, which is defined as:

TAF = % (6.12)

where A is the expected number of traffic accidents of link i derived from Eq. (6.10) in sampled
damage scenario s. The integrated resilience index (RI) at time t is proposed to consider both traffic
efficiency and travel safety performances. Considering that travel demand and community population are
both functions of the recovery time, a time-dependent integrated resilience index of the transportation

system to offset the effect of population change can be defined as:

RIC =m0 [T (g, AR [ TAR (6.13)

' 0 t 0 t
POPtotal Poptotal POPtotal POPtotal

where m is a weight parameter between [0, 1] usually defined by decision-makers based on the
specific scenarios and preferences; TTT,, TAF,, POPS., and TTT,, TAF,, POP{,, are the TTT,
TAF and community populations at the pre-disaster period and recovery time t respectively; & is an

adjustment factor for RI. Considering both TTT and TAF may change exponentially with recovery time, a
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proper § will keep RI between 0 to 1. For demonstrative purposes, this study let m = 0.5 to evenly

distribute the importance to travel time and traffic safety and use § = 2.

6.2.4.2 Reconstruction planning of transportation infrastructure

According to the above-mentioned characteristics of the post-earthquake recovery stage, the post-

carthquake reconstruction planning can be deemed as an urban replanning if the population size and

distribution changes are significant. Compared to the reconstruction planning of the damaged

infrastructures with a fixed travel demand that is usually derived based on the pre-hazard population in

existing studies, the infrastructure restoration in this study is based on the time-evolving travel demand of

the community. Therefore, the reconstruction planning in this study focuses on serving the remaining and

recovering residents instead of the pre-hazard residents in most existing studies.

Considering the common situation of limited resources that would impede the repairing efforts of all

damaged infrastructures simultaneously, this study focuses on developing the optimal reconstruction

planning of the damaged bridges to improve transportation resilience. For long-term recovery, minor

damages are not critical and there are two types of bridge damage scenarios according to Subsection 6.2.3:

a completely damaged bridge that is fully closed to traffic, and an extensively damaged bridge that partially

opens to traffic with work zones. Other than the bridge damage state, the reconstruction time of a bridge is

also an important factor affecting its repair priority and effect on system performance. In this study, the

performance indicator is based on the proposed time-dependent resilience index in Section 6.2.4.1. The

optimal bridge reconstruction plan is to maximize the system resilience. The objective function of the

reconstruction optimization is defined as:
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Objective Z = max (f, RI‘dt) (6.14)

n

Subject to: Y12, xf < by (6.15)

where T is the total recovery time of the system; x} is a binomial variable specifying if bridge i is
being repaired at time t; n, is the total number of damaged bridges; and b,. is the resource constraint.
6.3 Case study
6.3.1 Shelby County, Tennessee

Shelby County, Tennessee is in an earthquake-prone area. There are 37 zip codes in Shelby County
and the demographics of each zip code area are available from the US Census Bureau (Figs. 6.3-6.4) (U.S.
Census Bureau 2019). Among all the zip codes, 38054, 38058, 38131 and 38132 are not considered in this
study because of their special functionalities (e.g., PO box, local airport). To better fit Shelby County in the
model with a reasonable scope, every main road network intersection is considered as a single node/zone

(Fig. 6.5). The basic information for the zip codes and zones is presented in Tables 6.2 and 6.3, respectively.
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Figure 6.4 Zip code border of Shelby County
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Figure 6.5 Nodes/ zones distribution of Shelby County

The main road network of Shelby County comprises 78 nodes and 115 links. This study evenly
distributed the population of each zip code to the nodes inside it. It is assumed there are eight different types
of buildings in the community according to the building classification in Hazus (2020): 1-2 stories wood
frame, other wood frame, 1-3 stories steel moment frame, 4-7 stories steel moment frame, 1-3 stories
concrete moment frame, 4-7 stories concrete moment frame, 1-3 stories concrete shear wall, and 4-7 stories
concrete shear wall. Due to the lack of detailed and reliable data, the percentages of different building types
are randomly generated for each zone for demonstrative purposes. Among all the links, it is assumed 31 of
them have bridges on them (Fig. 6.6). There are five different types of bridges in the network: multi-span
continuous (MSC) concrete, slab, and steel girder bridges, and multi-span simply supported (MSSS)
concrete girder and steel girder bridges. In this study, it is assumed only bridge damage may cause the
failure or degradation of a link. 31 out of 115 links are, therefore, vulnerable to earthquakes due to the
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existence of bridges (B/-B31) on them (Fig. 6.6). The geographic information of the nodes and bridges is
available on Google Maps and ArcGIS database. The households of each zone are divided into single-
family and multi-family households. The percentage of single-family households is 70% according to the

demographics of Shelby County (Census profile 2018).

: MSC Concrete Bridge
: MSC Slab Bridge

: MSC Steel Bridge

: MSSS Concrete Bridge
: MSSS Steel Bridge

OORe 4

Figure 6.6 Bridge locations and types of Shelby County

Table 6.3 Zip code information of Shelby County
Zipcode TDP* Avg* Households
38002 25802 1.84 14053
38016 33445 1.78 18801
38017 48012  2.67 17980
38018 29209 2.04 14317
38028 4696 1.77 2646
38053 23981 2.29 10490
38103 35566  5.08 7005
38104 37758  3.02 12517
38105 17336  6.48 2676
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38106 28019  2.69 10429
38107 15159 2.14 7073
38108 19164  2.85 6729
38109 43959  2.59 16989
38111 38634 2.16 17860
38112 18764  2.75 6826
38114 25507 24 10624
38115 37249 232 16053
38116 43802 2.96 14793
38117 37887 3.15 12029
38118 101321 7.21 14062
38119 28514 2.83 10065
38120 42874  6.28 6827
38122 23456 2.34 10044
38125 33446  2.27 14722
38126 10891 4.18 2607
38127 35673 233 15320
38128 35595 2.21 16080
38133 35919 4.67 7689
38134 42981 2.86 15053
38135 18557 1.66 11170
38138 34024 3.37 10082
38139 10335 1.84 5629
38141 19847  2.58 7678

Note: 'TDP means total daily time population, including daytime workers and daytime residents; 2Avg

means average daily household size.

Table 6.4 Zonal information of Shelby County

Zones Longitude Latitude Households Zone type
1 35.343022 -89.788899 3513 Rural
2 35.308079 -89.822665 2098 Rural
3 35.288887 -89.686639 3513 Rural
4 35.2561 -89.676892 3513 Rural
5 35.210145 -89.653792 3513 Rural
6 35.158731 -89.694493 1323 Rural
7 35.195068 -89.792187 9401 Suburban
8 3520436  -89.77236 2563 Suburban
9 35.156498 -89.774194 9401 Suburban
10 35.156446 -89.638166 3596 Rural
11 35.044817 -89.637635 3596 Rural
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12
13
14
15
16
17
18
19
20
21
2
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52

35.046272
35.033613
35.020894
35.157881
35.211229
35.332123
35.34534

35.331266
35.319164
35.153188
35.137466
35.130376
35.155747
35.151606
35.124652
35.10264

35.103061
35.071525
35.158338
35.182929
35.07939

35.020647
35.124294
35.131173
35.133559
35.135243
35.079982
35.080578
35.133766
35.150891
35.158259
35.108035
35.057674
35.021095
35.020989
35.131269
35.11449

35.057248
35.021407
35.020528
35.052222

-89.689285
-89.689272
-89.689143
-89.794974
-89.63495

-90.015529
-89.906004
-89.920981
-89.873442
-90.059146
-90.024084
-90.023955
-90.037473
-90.040735
-90.054897
-90.029534
-90.019985
-90.023332
-90.020242
-89.932609
-90.057321
-90.08822

-90.067707
-89.956728
-89.956127
-89.968143
-89.930549
-89.955869
-89.984064
-89.98136

-89.980416
-89.98827

-89.833646
-90.025306
-90.002561
-89.901452
-89.901795
-89.932866
-89.937372
-89.898062
-89.812832

3596
3596
3596
14317
1323
2098
2098
2098
2098
7005
6259
6259
3537
2676
2086
2086
2086
2086
3537
6729
8495
8495
2086
5953
5953
1707
5953
5312
1707
1707
1707
5312
16053
7397
7397
6015
6015
4687
4687
4687
5033

Rural
Rural
Rural
Suburban
Rural
Rural
Rural
Rural
Rural
Suburban
CBD
Urban
CBD
CBD
Suburban
Suburban
Suburban
Suburban
CBD
Suburban
Rural
Rural
Suburban
Urban
Urban
Urban
Urban
Urban
Urban
Urban
Urban
Urban
Urban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
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53
54
55
56
57
58
59
60
61
62
63
64
65
66
67
68
69
70
71
72
73
74
75
76
77
78

35.084536
35.101952
35.130947
35.171825
35.149089
35.152387
35.037425
35.020556
35.142383
35.236202
35.199458
35.191005
35.235393
35.205276
35.192791
35.205485
35.237388
35.204362
35.204642
35.180442
35.168234
35.093018
35.075809
34.994567
35.207011
35.169095

-89.878106
-89.870081
-89.867721
-89.943552
-89.927158
-89.884629
-89.795708
-89.795966
-90.051141
-90.014406
-90.034662
-90.016037
-89.895316
-89.923297
-89.926172
-89.834333
-89.793563
-89.791932
-89.867163
-89.860168
-89.85416

-89.808541
-89.774767
-89.84841

-89.894558
-89.90233

5033
3414
3414
3348
3348
3348
7361
7361
2607
5107
5107
5107
4020
4020
4020
11170
2563
2563
3763
3763
3763
10082
5629
7678
4020
3763

Suburban
Suburban
Suburban
Urban
Urban
Urban
Suburban
Suburban
CBD
Rural
Rural
Rural
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban
Suburban

6.3.2 Data analysis

In this study, an earthquake with an epicentral depth of 10 km is assumed to happen in the community

being investigated. Atkinson and Boore (1995) developed the seismic attenuation law for earthquakes with

an epicentral depth of 10 km. So, it is applied in this study to derive the ground motion at different zones

and bridges. According to Atkinson and Boore (1995), the peak ground acceleration at a certain distance

from the epicenter can be estimated as:

log(PGA) = ¢; + c,(M, — 6) + c3(M;, — 6)2 —logR — ¢,R
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where M; is the Richter magnitude of the earthquake; R is the epicentral distance (km) of the
location; and ¢4, c,, c3, and ¢, are the parameters from regression analyses. According to the study by
Atkinson and Boore (1995), the following parameters are used: ¢; = 3.79, c, = 0.298, c; = —0.0536,
and c, = 0.00135.

As mentioned in Section 6.2.1, the peak ground accelerations derived from Eq. (6.16) can be used to
evaluate the building and bridge damage. According to Nielson and DesRoches (2007), the probability of
a given infrastructure damage state is defined as:

In(PGA)—In (med;)

P[Damage State i or greater|PGA] = @[ 2 ] (6.17)

where med; and {; are the median PGA value and the dispersion of damage state i, respectively.
For certain damage states of buildings and bridges, the med; and {; are shown in Tables 6.5-6.6.
Moderate med;, extensive med;, and complete med; in Tables 6.5-6.6 are the mean PGA values for
moderate, extensive, and complete damages, respectively. Per Hazus (2020), typical buildings are designed
based on four seismic standards: high-code, moderate-code, low-code, or not seismically designed (also
called pre-code). Buildings designed based on codes with higher seismic standards are more robust under
earthquakes. This study assumes all the buildings in Table 6.6 were designed based on the moderate-code

seismic standards.

Table 6.5 Seismic fragility parameters of five bridge types (Nielson and DesRoches. 2007)

Median PGA values (g) g
Bridge Type  Extensive med; Complete med;
MSC concrete 0.75 1.03 0.7
MSC slab 0.78 1.73 0.7
MSC steel 0.39 0.5 0.55
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MSSS concrete 0.83 1.17 0.65
MSSS steel 0.56 0.82 0.5

Table 6.6 Median and dispersion values for seismic fragility of eight building types (Hazus 2020)

Building Type Stories Moderate med; Extensive med; Complete med; ;
Wood frame 1-2 0.43 0.91 1.34 0.64
all other 0.35 0.64 1.13 0.64
Steel moment frame 1-3 0.22 0.42 0.8 0.64
4-17 0.21 0.44 0.82 0.64
Concrete moment frame 1=3 023 041 0.77 064
4-17 0.21 0.49 0.89 0.64
Concrete shear wall 1-3 0.3 0.49 0.87 0.64
4-17 0.26 0.55 1.02 0.64

According to the historical traffic data of the Memphis/Shelby County area, the morning rush hour

(7:00 am-8:00 am) has the heaviest traffic during the day (Kimley-Horn et al., 2007). The resilience

assessment of this study is based on the traffic performance of the morning rush hour during the recovery

stage. The percentages of different trip purposes as introduced in Section 6.2.2.2 of the morning rush hour

over total daily trips are presented in Table 6.7 (Kimley-Horn et al., 2007). In this study, due to insufficient

information, the percentages of different trip purposes during the morning rush hour are assumed to be the

same as the pre-earthquake period throughout the recovery stage.

Table 6.7 Percentages of trips by purpose

Percentages of trips by purpose over daily trips

Non-

) ) Journey to Home-based school / Other home- All purposes
Time period L home
work Home based university  based purposes
based
7:00-8:00 AM 16.7% 23.6% 7% 3.8% 12.52%

This study assumes the earthquake has an epicenter latitude and longitude of (35.107757, -89.940678).

For comparison purposes, the data analysis also explored earthquakes with four Richter Magnitudes: 6.0,

6.5, 7.0, and 7.25. Given the demographic data, earthquake information, and building fragility, the

community population during the recovery stage can be estimated using Egs. (6.2)-(6.7). The total auto-
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mode OD demand during the morning rush hour at any recovery time can be derived from the household

information, community population, and zone information using the Memphis MPO model (Kimley-Horn

etal.,2007). The community population and OD demand are shown in Figs. 6.7-6.8 as functions of recovery

time. The figures show both the community population and OD demand increase with the recovery time,

which conforms to the reality that the displaced residents keep moving back to their original zones due to

the restoration of their pre-hazard dwelling units. The percentage increments in the community population

and OD demand are similar. It is because the community OD demand is a rough product of the community

household number and the average household trips considering the latter may only vary slightly among

different zones within the community. As shown in Figs. 6.7-6.8, the higher the earthquake magnitude is,

the smaller the community population and OD demand are, and the faster they recover. The lower starting

point is consistent with the common understanding that higher magnitude generally causes more damaged

housing units, more displaced residents, and higher reduced travel demand. The faster increase is caused

by the lognormal distribution of the building recovery time. In this case, most damaged houses will recover

within the mean recovery time (Table 6.2). Figs. 6.7-6.8 also show the changes in the community population

and OD demand can be around 10%, which may significantly affect the transportation performance of the

community. The considerable difference underscores the necessity to consider the time-dependent

population and OD demand when simulating transportation resilience during the post-earthquake recovery

stage.

The displaced population was estimated based on the information of the buildings (Table 6.6) designed

according to the moderate-code seismic standards. However, there are many countries and regions where

some or even most dwelling units were designed based on low-code or even pre-code seismic standards
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(Bilham 2010; Ilki and Celep 2012; Wang 2008). Under major earthquakes, the communities under attack
may experience extensive infrastructure damages, a significantly displaced population, substantially

decreased travel demands, and a long-lasting recovery stage (Naddaf 2023).
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Figure 6.8 Community OD demand over time

Considering the lack of the specific work-zone traffic accident data in the Memphis area, this study

uses the work-zone traffic accident model by Ozturk et al. (2013) to model the traffic safety in work zones.
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Their model uses the Negative Binomial regression based on the observed data in the State of New Jersey.
The traffic accident model of fully functioning roads adopted in this study is based on the observed data in
Tennessee to estimate the travel safety of roads with moderate or lower damages (Kiattikomol 2005). Based
on the existing studies, the case study assumes the speed limits are 55 mph and 45 mph for fully functional
roads and work zones, respectively (Mannering 2007; Mekker et al. 2016). Considering the trivial effects
of ramps and intersections on traffic accidents according to the studies summarized by Ozturk et al. (2013),
this case study assumes no ramp and intersection on the links. Since all roads are typical 4-lane roads, the
numbers of operating and closed lanes are both two for the road situation in Fig. 6.2. Based on the available

information, the traffic accident frequency of road i is expressed as:

0.7856

-10 .7, 2.26 .
A= {2 x 10 L; ADT;*“°, Fully functional roads (6.18)

0.0799 - L;,°*77ADT,%%1%2,  Road with work zones

where L; is the length of link/road segment i ; ADT; is the average daily traffic per lane of road
segment i. ADT; can be derived from the community travel demand and the traffic assignment method.
The link lengths can be estimated from the longitudes and latitudes (Table 6.4) of the links’ starting and
ending nodes.
6.3.3 Results

This study assumes that only bridge reconstruction will generate work zones during the post-
earthquake recovery period. Assuming the above-mentioned earthquake has a Richter Magnitude of 7.25,
Latin Hypercube sampling is used to simulate bridge damage scenarios with 10,000 samples. Based on the
estimated travel demand (Fig. 6.8), the traffic simulation for the morning rush hour is conducted during the
post-earthquake recovery stage through static traffic assignment. The expected system total travel time,
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total accident frequency, and resilience index are calculated using Egs. (6.11-6.13 & 6.18). They are

presented in Figs. 6.9-6.11 as functions of recovery time.

The box plots in Figs. 6.9-6.10 suggest both the expected total travel time and total accident frequency

increase with time. Such phenomena are caused by the increasing travel demand along with the recovery

process of the population and thus are in accordance with reality. The increased percentages of expected

TTT and TAF are 3.49% and 14.02%, respectively. The smaller increase in TTT may be caused by the fact

that the traffic volumes on most links are lower than their capacities, which reflects trivial increase in their

travel time. Only a few links with high traffic volumes have significant traffic delays and contribute to the

increase in TTT. The larger increase in TAF may result from the increased traffic volume. Unlike link travel

time, traffic accident frequency is more sensitive to link traffic volume, no matter if it is below the link

traffic capacity or not (Eq. (6.18)). Fig. 6.11 shows the expected RI also increases with the recovery time

despite the increase in TTT and TAF. It is because the resilience index is related to not only the expected

total travel time and accidents on the transportation network, but also the community population it serves.

As a result, the system resilience index of the transportation network gradually increases during the

recovery period.

The pre-hazard TTT and TAF are 1389 and 4888, respectively, assuming no link damage. Figs. 6.9-

6.10 show TTT and TAF for most sampled network damage scenarios fall in ranges of [1555, 1684] and

[5494, 7145], respectively. The results show TAF is more sensitive to bridge damages with larger variations

as compared to TTT. The less deviated TTT may be caused by the existence of many redundant links, so

there are always alternative paths with similar travel time in case of link damage. The larger variations in

TAF may result from partially functional bridges with work zones. It corroborates the traffic accident model
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in Eq. (6.18), which shows roads with work zones tend to have higher traffic accident frequencies than fully
functional roads unless the traffic is very heavy. This observation also proves the significance of
considering work-zone traffic accidents when simulating transportation resilience during the post-
carthquake recovery stage, especially when the recovery takes a very long time. Although the expected
TTT in this case study is relatively stable, TAF presents a time-evolving difference of 14.02%, which is
non-negligible. Like traffic efficiency, traffic safety is also critical to the travel experience of the remaining
and recovering residents. The considerable difference in TAF throughout the recovery stage confirms the
significance of simulating the time-evolving community population and travel demand. Also, as mentioned
above, many countries and regions have many older buildings designed using codes with lower standards
or even pre-code seismic standards (Bilham 2010; Ilki and Celep 2012; and Wang 2008). For those areas,
the impact of earthquakes on population, travel demand, and traffic patterns can be more significant so that

both TTT and TAF may show considerable changes during the recovery stage.
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6.3.4 Post-earthquake bridge reconstruction planning

Due to the usually limited resources, it is not realistic to reconstruct all the damaged bridges
simultaneously. Without losing generality, this study assumes that only one bridge can be repaired at a time
for demonstrative purposes. So, it is meaningful to repair the most critical bridges first. In this study, the
most critical bridges will be identified based on their impacts on the system resilience index. Considering
the computational complexity to include the bridge damage uncertainties in the optimization, a specific
bridge damage scenario was assumed in Table 6.8 to demonstrate the reconstruction planning. Since
moderately or less damaged bridges will fully recover their traffic-carrying capacities (Padgett and
DesRoches 2007) before the recovery stage, all bridges to be repaired have suffered either extensive or
complete damage. Due to the lack of reconstruction information and the highly discrete bridge
reconstruction time, the repair time of different bridges is randomly assumed for demonstrative purposes.

The post-earthquake time-evolving travel demand after the Richter Magnitude 7.25 earthquake (Fig. 6.8)
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is used to carry out the reconstruction planning optimization. The effect of an intuitive reconstruction

sequence (simply following the order of bridge numbers) on system resilience index is also investigated for

comparison purposes. The goal here is to identify which plan is better in terms of meeting the demands of

the remaining and recovering residents in the community.

Based on Egs. (6.14-6.15), the bridge reconstruction optimization is derived using the Greedy

Algorithm. The optimal reconstruction sequence of the bridges is 3, 9, 11, 14, 7, 28, 10, 18, 25, 16, 24, 13,

26, 8. For both the optimal and intuitive reconstruction plans, their corresponding resilience indexes as

functions of recovery time are presented in Fig. 6.12. Fig. 6.12 shows both curves start and end at the same

values, which conforms to the reality that the two reconstruction plans have the same starting and ending

bridge damage situations. The curve of the resilience index for the optimal plan increases fast at the

beginning and slows down at t = 140 weeks. The curve of the resilience index for the intuitive plan rises

slowly during the first 50 weeks, has similar increasing speed as the optimal plan after that, and boosts at

t = 179 weeks. The curve of the resilience index for the optimal plan has higher values throughout the

recovery stage, which means the optimal reconstruction plan provides a better transportation experience to

the remaining and recovery residents. This phenomenon is likely because the critical bridges have received

priority in the optimal plan. It is also found that all seven bridges with “extensive” damage states except

bridge 16 will be fixed first. Although bridges losing full functionality may have more significant impact

on the capacity of the transportation network than those only losing partial functionality, extensively

damaged bridges have bigger impacts on the overall system resilience since TAF is very sensitive to the

existence of work zones. In contrast, TTT is more stable than TAF due to many redundant links according

to the above analysis.
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Table 6.8 Bridge repair times by damage states

Bridge # Damage state Repair time (week)

3 Extensive 10
7 Extensive 12
8 Complete 16
9 Extensive 10
10 Complete 13
11 Extensive 12
13 Complete 15
14 Extensive 11
16 Extensive 13
18 Complete 14
24 Complete 10
25 Complete 13
26 Complete 16
28 Extensive 14
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Figure 6.12 Resilience index for two repair sequences

6.4 Conclusions
Transportation networks may remain disrupted for years and significantly affect the traffic efficiency
and safety of the community’s remaining and recovering residents during the post-earthquake recovery

stage. A framework to model the time-dependent resilience performance of transportation networks during
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the post-earthquake recovery stage was developed with a focus on the transportation experience of the

current and future residents of the attacked community. To simulate the uncertainties in bridge damage

scenarios, the seismic attenuation law, bridge fragility functions, and Latin Hypercube sampling method

were adopted in this study to generate numerous network disruption scenarios. The building fragility

functions, building recovery information, community demographics, and the MPO model were applied to

estimate the time-evolving community population and travel demand. The modified BPR function for work

zones, static traffic assignment method, and work-zone traffic accident model derived based on Negative

Binomial regression were applied to simulate the traffic efficiency and travel safety during the morning

rush hour throughout the recovery stage. This study defined a new time-dependent integrated resilience

index to assess the transportation performance experienced by the time-evolving community residents. The

methodology incorporates uncertainties into link degradation to make the resilience modeling more reliable.

The proposed resilience index was used to derive the optimal bridge construction plan to maximize the

overall benefits of the time-evolving community residents. Finally, the proposed methodology was

demonstrated in Shelby County, Tennessee, which belongs to an earthquake-prone area. A comparative

analysis was conducted in the reconstruction planning to investigate the effects of the optimal

reconstruction plan on transportation resilience during the post-earthquake recovery stage.

It is found that earthquakes may significantly affect the community population and travel demand and,

in turn, impact the time-dependent travel time, traffic accident, and system resilience index. Therefore, the

model is more realistic and reliable than traditional methodologies that did not reasonably consider the

time-evolving population and travel demand. The reconstruction planning emphasized the significance of

focusing on the needs of adopting a more realistic population group instead of a fixed resident group derived
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from the pre-hazard population. This study still has some limitations: due to the lack of reliable data, some

assumptions had to be made, including some specific parameters related to buildings and bridges, the bridge

reconstruction time, the travel behavior of residents, etc.; some factors that may affect the traffic simulation

were not incorporated in this study, including traffic signal lights and the correlation between traffic delay

and accidents; and the reconstruction planning was scenario-based due to the computational complexity

when both time-evolving feature and uncertainty get involved at the same time. However, despite these

assumptions and simplifications in the demonstrative study, the proposed methodology is general enough

to be applied to conduct a more advanced study once more reliable and site-specific data and more powerful

computational technologies becomes available in the future. Finally, although this methodology was

proposed based on earthquakes, it can be easily adapted and applied to the long-term recovery stage

involving other hazards or incidents causing similar disruptions and time-evolving population and travel

demand.
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CHAPTER 7 SUMMARY OF THE DISSERTATION AND FUTURE STUDIES

7.1 Summary and conclusions

The contributions and findings of this dissertation are summarized in the following, which correspond

to Chapters 2 - 6:

Chapters 2 - 4 were about transportation resilience during post-earthquake emergency response stage

with focuses on emergency medical response based on EMS vehicles, private vehicles, and the combined

service of both, respectively. These three chapters introduced new resilience indicators related to

transportation efficiency and accessibility to assess the transportation performance resilience. Risk-

informed hazard mitigation plans were developed in these chapters, including link importance factor, pre-

hazard bridge reinforcement planning, and the reasonable number of EMS vehicles. The specific

contributions of each chapter are summarized in the following.

Chapter 2 built a framework to consider the interactions between infrastructure, people, and hazards.

The proposed framework was demonstrated in a virtual community. Also, a parametric study and the

location optimization of a new medical center were conducted. The results indicate that seismic magnitudes

significantly affect the number of severely injured individuals requiring emergency medical assistance. The

proportion of different bridge types plays a vital role in total rescue time of the network. The locations and

number of EMS medical centers notably impact the total rescue time as they influence the accessibility of

emergency medical services.

Chapter 3 introduced methods to fully consider the network redundancy, search and rescue activities,

and life vitality decay on the way to hospitals. The proposed methodology was demonstrated in Shelby
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County, Tennessee. Through a parametric study, the effects of Richter magnitude on multiple parameters

were investigated. The pre-hazard bridge strengthening planning was optimized based on the resilience

index, using detailed budget information. The results revealed a significant impact of Richter magnitude on

the aforementioned factors, including the number of injured individuals, the potential for saving lives, and

network redundancy. Consequently, seismic magnitude played a notable role in determining the

connectivity between different zones and their designated hospitals, as well as the overall performance of

emergency medical response.

Chapter 4 proposed a methodology to reasonably estimate the emergency travel demand and quantify

the functionality of damaged links during the post-earthquake emergency response stage. The proposed

model was applied to a virtual community. To examine the disparities between dynamic and static traffic

assignment methods, a comparative study was conducted. The findings demonstrate the superior potential

of the dynamic traffic assignment method in delivering more realistic and reliable outcomes compared to

the static traffic assignment method.

Chapters 5 and 6 were about transportation resilience during post-earthquake recovery stage, focusing

on the effects of partially damaged road segments and time-evolving travel demand, respectively. Both

chapters introduced new resilience indicators related to transportation efficiency and safety to assess

transportation performance resilience. Post-earthquake bridge reconstruction planning was induced in these

chapters to assist risk-informed decision-making. Specifically, Chapter 5 introduced a method to model the

traffic performance on roads with work zones and incorporated traffic accident models to investigate travel

safety. Chapter 6 proposed a methodology to reasonably estimate the time-evolving community population

and travel demand during the post-earthquake recovery stage. All these contributions can help make the
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transportation resilience modeling during the post-ecarthquake recovery stage and the risk-informed

reconstruction planning more rational and dependable.

The methodologies in Chapters 5 and 6 were applied to communities situated in earthquake-prone

areas. It was found in Chapter 5 that the existence of work zones may greatly affect travel time and traffic

accidents, and therefore it is significant to simulate the partially functional roads caused by bridge damage

in transportation resilience modeling. It was found in Chapter 6 that the community population and travel

demand can be significantly affected by earthquakes, subsequently impacting the time-dependent travel

time, traffic accident rates, and system resilience index. In the reconstruction planning, a comparative

analysis was conducted in Chapter 6 to investigate the effects of the optimal reconstruction plan on

transportation resilience during the post-ecarthquake recovery stage. The reconstruction planning

emphasized the significance of focusing on the needs of adopting a more realistic population group instead

of a fixed resident group derived from the pre-hazard population.

7.2 Directions for future research

Some possible improvements and extensions in the future based on the current research are discussed

in the following.

a) Resilience of transportation networks during post-earthquake emergency response stage

The studies have adopted various assumptions due to the lack of data, including search-and-rescue

information, the relationship between infrastructure damage states and their performance, and detailed

emergency traffic composition. More sophisticated and advanced studies on a transportation network can

be conducted in the future when more site-specific data becomes available.
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The studies in this dissertation only considered bridge damage and building debris as causes of link

degradation. Future studies need to incorporate all types of link damages to simulate the network

degradation more accurately, including bridge damages, building debris, obstacles, and pavement damages.

Also, the studies did not consider the interactions between EMS vehicles and private vehicles,

functionality of hospitals, and extreme situations when almost all links are damaged in the network. Future

studies can be conducted to improve these aspects.

b) Resilience of transportation networks during post-earthquake recovery stage

Like the studies about the post-ecarthquake emergency response stage, many assumptions have been

made, including some specific parameters related to buildings and bridges, the bridge reconstruction times,

the travel behavior of residents, etc. So, some specific observations may not be accurate for the case study

communities. Once more data becomes available in the future, more insightful and advanced studies on a

community can be conducted in the future.

Some factors that may affect the traffic simulation were not incorporated in this dissertation, e.g., the

correlation between traffic delays and accidents, which can be considered in future studies to make the

simulation more reliable.
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